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Abstract

Effectively applying machine learning methods, particularly in applied sciences, can pose sig-
nificant challenges. However, when employed correctly, these algorithms prove to be powerful
tools, offering substantial benefits across a wide range of research applications. Fine-tuning
them to individual needs and circumstances requires making a number of relevant and well-
informed choices, all of which can profoundly impact the quality of the outcome. In this thesis,
I present a comprehensive overview over the machine learning process, along with two use-cases
of successful machine learning application in practice.
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Kurzfassung

Maschinelles Lernen effektiv einzusetzen kann signifikante Herausforderungen mit sich brin-
gen, insbesondere in den angewandten Wissenschaften. Wenn sie allerdings korrekt ange-
wandt werden, so sind diese Algorithmen leistungsstarke Werkzeuge, die für eine Vielzahl von
Forschungsanwendungen erheblichen Nutzen bringen können. Ihre Feinabstimmung auf indi-
viduelle Bedürfnisse und Umstände erfordert einer Reihe relevanter und fundierter Entschei-
dungen, die alle die Qualität der Ergebnisse maßgeblich beeinflussen können. In dieser Disser-
tation präsentiere ich einen umfassenden Überblick über den Prozess des maschinellen Lernens,
sowie zwei Anwendungsbeispiele für erfolgreiche Anwendung von maschinellem Lernen in der
Praxis.
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Chapter 1

Introduction
We live in a dataful world

Today’s world is all about data. In scientific research, the primary objective has always been
to gather, organise, and understand information, and subsequently draw educated conclusions
from one’s findings. With the advent of widespread digitisation and an increased availability
of affordable storage space, exhaustive data collection has extended well beyond the confines
of academia.

These vast stores of information may be used to monitor operations, make various predictions,
enhance sales and profits, or, quite commonly, not at all. A significant reason why companies
or individuals often refrain from making use of the data they have gathered is that their
sheer quantity and complexity frequently surpass what humans can effectively process and
comprehend.

While computers facilitate statistical analyses, users may still struggle to evaluate the quality
of the compiled information, or to discern intricate interconnections and complex patterns
hidden within. It is feasible, albeit usually time-consuming and resource-intensive, to handcraft
algorithms tailored to specific data processing and comprehension needs. In recent decades,
there has thus been a growing interest in enabling computers to generate their own algorithms
by simply studying enough examples and learning from the gathered material. This problem-
solving approach, known as machine learning, is widely employed today.

Driven by the increasing popularity and accessibility of machine learning, leveraging amassed
stores of data is becoming more viable. Typical applications encompass image recognition,
comprehending text and mimicking language, predicting future events based on current or
past developments, recommending content to users based on their previous choices, as well as
various forms of exploratory data analyses. Within scientific communities, machine learning
and particularly its subfield, deep learning, has been used for decades to achieve groundbreaking
results, even instigating several highly specialised research fields.
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Chapter 1 Introduction

1.1 Public visibility of artificial intelligence

Artificial intelligence, or AI, is a popular umbrella term encompassing machine learning, but
often specifically referring to deep learning. In media representations, ‘using AI’ is often de-
picted as starting up a program on one’s computer, feeding in some data, and with the click
of a button, the machine immediately knows all the answers.∗ This notion of an omniscient
program is referred to as artificial general intelligence (AGI), and is deemed unattainable with
our current technological capabilities.1

General public awareness of AI has witnessed a notable increase in recent years. This surge
coincides with the broader availability of tools and applications relying on such techniques.
A multitude of platforms such as online marketplaces, streaming services for audio and video
content, as well as social media, have long since integrated recommendation algorithms that
provide suggestions based on interactions learned from previous users. (Semi-)autonomously
driven vehicles have gained widespread popularity over the past 10 to 15 years, shedding light
on computer vision challenges.

In early 2023, there was a significant spike in interest regarding large language models, a subset
of deep learning, following the release of the tech company OpenAI’s chatbot, ChatGPT, which
was made accessible to the public free of charge. The latest version of its underlying language
processing algorithm, GPT-4 (short for Generative Pre-trained Transformer-4), demonstrates a
remarkable level of sophistication in comprehending questions and generating diverse responses.
Consequently, this has ignited serious discussions about whether the pace of development in
machine learning and artificial intelligence is exceeding our current society’s capacity to handle
it. A group of scientists and experts in the tech field even released an open letter, advocating
for a pause in AI research.2

OpenAI achieved the development of such a capable chatbot by creating an exceedingly large
model, even by modern standards. It was trained on vast amounts of text data using sub-
stantial computational resources, advanced infrastructure, and a multitude of highly qualified
personnel. Although precise figures are not publicly available for the latest versions, GPT-4
and its predecessor GPT-3.5 both are built upon GPT-3, which boasts approximately 175 bil-
lion model parameters and was trained on roughly 570 GB of training data.3 It is reasonable
to assume that subsequent versions will maintain a similar scale and likely employ even larger
training datasets.

In a small experiment, I queried ChatGPT (using the publicly available GPT-3.5 version) to
translate ‘570 GB of text’ into a more easily understandable representation, such as how much
shelf space this text would fill if printed into average-sized books, and how long it would take
to read all these books. The response estimated slightly over 30 km of shelf space (with spines
visible, not covers) and approximately 100 years of reading time at an average pace. Notably,
when asking the same question multiple times, the values varied considerably, sometimes by a
factor of up to 10. This variability can be attributed to the chatbot occasionally misinterpreting
specific phrasing or choosing different estimates for various calculation steps. Even in this small

∗Which are all 42, obviously.
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1.2 Machine learning in applied sciences

experiment, it is evident that AI-generated results must still be approached cautiously and
interpreted with a grain of salt. The experiment was not repeated using the state-of-the-art
GPT-4 version.

1.2 Machine learning in applied sciences

In general machine learning research, and even more so when making use of machine learn-
ing algorithms in applied sciences, results of similar magnitude and capabilities to those of
ChatGPT are as of yet rare bordering on non-existent. This scarcity can be attributed to var-
ious factors, including the unavailability of computational resources, a lack of suitable training
data in terms of both quality and quantity, and, not least, a shortage of proficient researchers.
At first glance, the need for specialised user expertise may seem counterintuitive, given that
the primary object of using machine learning methods was to enable computers to handle most
of the workload. Regrettably, reality is not as straightforward.

Successfully applying machine learning in practice necessitates a well-thought-out preprocessing
and training process, accompanied by a careful validation of one’s results. The development of
a machine learning pipeline involves several distinct steps. They range from data preprocessing,
over hyperparameter and methodology choices, to a careful examination of the final outcome.
Each of these steps presents its own set of challenges and pitfalls, and for each one, sufficient
user expertise is required to guarantee results of high quality.

Considering the substantial demands and complexities, the value of employing machine learning
methods might be questioned, particularly in fields with limited data availability. One such
instance can be found in material sciences, specifically in the modelling and understanding of
corrosion properties of magnesium.

This light metal element occurs quite abundantly on Earth4 and exhibits a relatively high
electrochemical reactivity5. Along with its alloys, it has the potential to become a key resource
in several application fields, all of which require specific corrosion behaviour from magnesium-
based components. In the automotive and aerospace industries, corrosion must be entirely
prevented for structural elements.6–8 As an anode material in battery applications, magnesium
should degrade at a constant rate.9,10 As a non-toxic, biodegradable implant, magnesium-based
parts need to disintegrate at a rate suitable to the specific patient and injury.11,12

Control of this corrosion behaviour is achievable by introducing small organic compounds to
either the metal or as a component of a coating system.13–15 The chemical space from which
such compounds can be selected is almost unlimited16, rendering a purely experimental ap-
proach to finding suitable candidates unfeasible. Moreover, it remains unclear which properties
of these compounds are most relevant concerning their efficacy in corrosion control. As a result,
data-driven approaches17–19 and computational techniques20–22 are essential for understanding
and predicting the ways in which corrosion behaviour is linked to material characteristics of
these compounds. This search is further complicated by the fact that available datasets on
magnesium corrosion inhibitors14 are quite diminutive in terms of machine learning.

3



Chapter 1 Introduction

Machine learning algorithms prove to be particularly powerful tools for discerning the often
intricate and non-linear interdependencies hidden within such a vast and complex environment,
rendering them ideal candidates for the task of identifying the most relevant material charac-
teristics. Once a suitable set of such features has been determined, a predictive model can be
trained on them, with the hope of providing insights into the corrosion control behaviour of
materials that have not been previously tested.

1.3 Researching deep learning methods

As the complexity of tasks increases, so do the demands on the sophistication and flexibility of
algorithms. Deep learning is a subfield of machine learning that uses neural networks, which
are currently the most powerful class of machine learning algorithms available. These networks
are modelled to resemble the structure and learning abilities of the human brain. When an
application is based on or ‘uses AI’, it is likely that deep learning is the driving force behind it.

Neural networks can be customised in numerous ways, including adjusting the number and
type of layers, hyperparameter settings within the layers, and specifics of the training process.
They particularly excel when there is a substantial amount of training data available. Although
there is no clearly defined threshold value for when to use deep learning, as a general guideline,
once a dataset comprises more than a few hundred samples, deep learning becomes a viable
option. As we will demonstrate later, deep learning can also be effectively applied to much
smaller datasets if appropriate preprocessing and validation steps are followed.

For developing and refining deep learning methods, researchers typically rely on large, well-
known benchmark datasets, such as ImageNet23, a database containing over 14 million hand-
labelled images. Annual software competitions for image classification, held from 2010 to
2017, led to the creation of famous network architectures such as AlexNet24 or ResNet25.
Many scientific fields that depend on computer vision tasks, such as autonomous driving26, or
medical imaging for cancer detection27,28, have directly benefited from these advancements.

The process of training a neural network can be highly resource-intensive in terms of both
time and computational power. Consequently, selecting an appropriate network topology and
choosing sensible training hyperparameters is of utmost importance to avoid unnecessary ex-
penses. Making sensible and effective choices often requires considerable user expertise. The
sub-discipline of deep learning which focuses on automating such choices as much as possible
is known as neural architecture search.29,30

Neural architecture search algorithms typically have access to a range of network topologies
(or architectures) from which they can choose. They select one or more of these candidate
architectures, train them, and then evaluate their performance. The evaluation results are used
to update the search algorithm’s rules and preferences. This process is continued iteratively,
until a final network architecture is established.29,31 While employing a neural architecture
search algorithm is expected to be more efficient and yield superior results compared to manual
configuration testing, it can still be quite resource-intensive.30 Some of these algorithms use

4



1.4 Scope of this thesis

meta-controllers, separate neural networks responsible for choosing candidate topologies and
learning associated rules and preferences. These meta-controllers may require pre-training on
task specifics before they can be employed.

Many neural architecture search algorithms tend to create rather large, overparameterised
networks30, which, particularly in cases with limited training data, can be detrimental to the
predictive quality and generalisation ability of the final neural network. Hence, it is crucial
to develop algorithms that not only produce large, powerful topologies trained on extensive
datasets like ImageNet, capable of achieving state-of-the-art accuracy levels, but also smaller,
more lightweight models focused on user-friendliness and computational efficiency.

1.4 Scope of this thesis

In this thesis, I aim to address the following objectives:

1. Provide a comprehensive guide for understanding the machine learning process. This
thesis is intended as a handbook that explains the importance, theory, and background
of each step, along with two use-cases that showcase practical applications of the presented
tools.

2. Identify relevant material properties related to magnesium corrosion control. Using a
database of 60 small organic compounds, feature selection methods are employed to
determine which of their more than 1,000 describing attributes are most relevant in
predicting a compound’s potential for corrosion inhibition. The selected features are
then used as inputs for training predictive neural networks. The generalisability of the
sparse predictive models is validated by applying them to a new set of previously unseen
samples. The attributes established earlier are evaluated using this extended dataset,
and chemical structures lying outside the predictive domain of the model are identified.

3. Develop a user-friendly, cost-effective neural architecture search algorithm. It can au-
tonomously select the most appropriate neural network architecture and topological el-
ements for a given dataset and research question. By making small modifications to
existing network architectures that retain their overall input-output behaviour, candi-
date architectures are identified that can overcome local optima and thus have increased
predictive capabilities. The algorithm is simple and easy to use, and incorporates topol-
ogy optimisation into the training process. It is capable of running on limited data,
significantly increasing the predictive capabilities of a given network topology, or even
‘rescuing’ architectures that, on their own, are insufficient for the complexity of a given
task and dataset. This enables even inexperienced users to successfully employ deep
learning techniques in their research.

1.5 Outline of this thesis

The remainder of this work is structured as follows:

5



Chapter 1 Introduction

• Chapter 2 gives a step-by-step overview of practical considerations when applying ma-
chine learning methods for predictive modelling. It explains the rationale for dividing
available datasets into different subsets and the benefits of a structured validation process.
Furthermore, it introduces the topics of feature selection and feature engineering, along
with strategies for automatically selecting appropriate steps for the machine learning
pipeline.

• Chapter 3 introduces common types and structural elements of neural networks, along
with a notation for their mathematical representation. It also explains how neural net-
works are trained.

• Chapter 4 presents tools and methods for automating neural network-based machine
learning. It covers topics such as neural architecture search, pruning techniques, and the
concept of genetic algorithms.

• Chapter 5 presents two use-cases of AI-driven research in practice. It explains how
to incorporate the tools and methods presented in the previous chapters. Results and
achievements from several publications are highlighted and summarised.

• Chapter 6 provides an overall summary and discussion, and gives a general outlook.

The peer reviewed and published manuscripts upon which this thesis is based are included in
Appendix A. Another manuscript in preparation for submission, which is also incorporated
into this thesis, is included in Appendix B.

6



Chapter 2

Practical concerns in applied
machine learning
Building the pipeline

Successfully employing machine learning in practice is an intricate process that begins with
determining which questions one wishes to address. In terms of datasets, the answers to
these questions are contained in a designated target variable. While some use-cases of machine
learning aim to predict multiple target variables simultaneously, this leads to a more challenging
class of problems that fall outside the scope of this thesis. Several additional preprocessing
and selection steps are required before a machine learning algorithm can be trained to make
predictions on previously unseen data. Finally, a meticulous validation process is crucial for
assessing the generalisability of the model before placing any amount of confidence in predictive
results.

This chapter highlights the most important aspects of inspecting and preprocessing datasets
for machine learning. It explains the rationale behind splitting available data into separate
sets, and why using all that is known for training a machine learning algorithm is inadvisable.
It sheds some light on why having more data available is not always better, and how to identify
the parts containing relevant information. Furthermore, this chapter provides an overview over
a number of tools and techniques that can be used to automate the machine learning process
and aid in selecting relevant methods and hyperparameter settings for any given dataset and
task.

2.1 Data preparation

The task of data preparation and cleaning is often referred to as the most crucial step in machine
learning,32 and neglecting it can have severe consequences. In the ‘best’ case scenario, working
with messy data can cause algorithms or even the entire training process to fail. Unfortunately,
as a common consequence of neglecting data preparation, one might end up with seemingly

7



Chapter 2 Practical concerns in applied machine learning

plausible results that hide errors or are entirely incorrect. In computer science communities,
this very common problem is often colloquially referred to as ‘Garbage in, Garbage out’. This
memorable phrase emphasises the importance of appropriately handling data before feeding
them into any algorithm, as failure to do so is highly likely to yield subpar results.

Therefore, a closer examination of the available training data is necessary. Structural aspects,
such as whether one is working with tabular or spatial data (e.g., images where the relative
position of each pixel is relevant), become apparent relatively quickly. Target variables can
take different forms: categorical data is used in classification tasks, like determining if a mass
of cells on an MRI (magnetic resonance imaging) scan is malignant, or benign.33 Numerical
data is handled in regression tasks, such as predicting the market price of a house.34 Ordinal
data, such as predicting the category of a hurricane35, can be a bit more challenging and is
often treated as either a classification or regression task depending on the information available
within the training data. Different types of algorithms are required to address these diverse
types of problems.

The quantity of available data is a major concern for machine learning. Not all algorithms are
suitable for handling all dataset sizes. A more complex one may tend to overfit, and struggle to
generalise if the training set is too small. This means that the algorithm has learned the precise
characteristics of the training data too well, and can provide exact answers for examples it has
seen before. In such cases however, extrapolation on new samples usually yields poor results
because the algorithm has generated overly strict rules, and as a consequence is not able to
handle attribute values (or combinations thereof) that fall outside of narrow ranges.

On very large datasets, analysing all samples and deriving appropriate rules may be too chal-
lenging for simpler models, leading to excessive processing times or even out-of-memory issues.
Complex deep learning architectures with numerous trainable parameters are particularly sus-
ceptible to memory overflow, especially when the training data is loaded into memory all at
once.

The size of a dataset is measured not only in the number of samples, but also the number of
attributes (also referred to as features) that describe each sample. In the case of spatial data
(such as images), the term features is synonymous to all the individual pixels that comprise
the image. The more features there are, the more complex the rules that machine learning
algorithms need to learn, the more samples are required. However, not all features carry the
same amount of information, and some (or many) may be superfluous; keeping them in the
training set can even be detrimental to algorithm performance.36 Identifying the relevant ones
is a distinct machine learning problem known as as feature selection, and is covered in detail
in Section 2.2.

Another major concern is the quality of the available data. Missing values, duplicates, or
outliers can pose challenges for many machine learning algorithms. Furthermore, features that
describe a dataset can come in different, often mixed, types, which not every algorithm can
handle. Even if all features are purely numerical, they may contain variables from vastly
different ranges which again can cause unwanted behaviour or lead to biased results. Methods
that handle missing values, features of non-numeric types, as well as scaling belong to the class

8



2.2 Feature selection

of feature engineering algorithms. They are covered in Section 2.3.

Fortunately, a variety of tools are available to assist in ensuring both sufficient data quality37

and quantity38. What can not be automated however is the process of properly understanding
what the data look like, how they are structured, and whether or not they are even suitable
for answering the intended research question.

2.2 Feature selection

As previously mentioned, the size of a dataset is determined both by the number of samples
contained within it, as well as the number of features or attributes describing each sample.
Generally speaking, the more samples are available for training a machine learning algorithm,
the better. However, describing data by more features is not always beneficial.36

With a rising number of attributes, the distribution of existing samples becomes more and more
sparse. This is due to the fact that the volume of (mathematical) spaces increases exponentially
with each added dimension. In particular, the number of samples required to counteract this
increasing sparsity grows exponentially with the number of features. This problem is known
as ‘the curse of dimensionality’39, and is illustrated in Figure 2.1.

Usually, the majority of the information content required to successfully train a machine learn-
ing algorithm is contained in only a handful of features; the rest are superfluous noise or
redundant, and including them in the training process can even be detrimental to the quality
of the output.36

While modern computers are becoming more capable and can handle larger datasets without
memory issues, computational resources are often still a limiting factor, especially if the fully
trained model later needs to be deployed on a mobile device. Furthermore, the process of data
gathering itself (e.g. collecting samples from patients, performing experiments in a laboratory,
annotating images) can be quite costly and time-consuming.

All in all, finding out which attributes play the most important roles for predicting the target
variable is a crucial step when using machine learning in practise. The field concerned with
this task is called feature selection.

Feature selection algorithms can be grouped into three different types:40,41

1. Filter methods

2. Wrapper methods

3. Embedded methods

1. Filter methods rank features via some form of scoring criterion. This criterion can be
correlation-based or make use of basic statistical measurements such as the χ2- (Chi-squared-)
statistics, information gain, or analysis of variance (ANOVA), and is calculated directly from
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Figure 2.1: Plots of the first (top left), first and second (bottom left), and all three (right)
dimensions of 20 randomly sampled three-dimensional data points. With rising number of
dimensions, the sparsity of the data increases. Reproduced from Cunningham et al. 40 .

the training data. Then, a selection strategy is applied to choose features from the ranked
list. Examples of such strategies include taking the top x%, the k top-ranked features, or all
features with a score larger than a certain threshold. The predictive model is then trained on
the selected subset.

2. Wrapper methods train the predictive model on multiple different subsets of all available
features and then select the best-performing one. In other words, training the predictor is
wrapped into the search process. Examples of wrappers include exhaustive search, were each
and every available subset of features is tested. Another popular wrapper technique is sequential
forward selection (SFS). This algorithm trains the predictor on each single feature, identifies
the best-performing one, and subsequently tests all pairs of two features that include the
previously selected best-performing one. This process is repeated iteratively until the desired
number of features has been reached or no more improvement occurs. Backward elimination
(BE) works using the same principle but removes features one by one rather than sequentially
adding selected ones.

Wrapper methods are much more computationally costly than filter methods since the predic-
tive model is trained multiple times. The SFS procedure mentioned above needs to compare
at least n + (n − 1) + (n − 2) + . . . + (n − (k − 1)) = k · n − k·(k−1)

2 fully trained models, where n
is the total number of features and k the number that is selected. However, wrapper methods
are also much better suited than filters for capturing the interconnections and dependencies
between features, as filter methods often miss these when regarding features as completely
independent.
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3. Embedded methods naturally encompass feature selection into the training process.
These methods include decision trees (DT), random forests (RF), as well as logistic regression
methods. In decision trees, the feature that carries the most importance regarding predicting
the target variable is used for the first splitting point, and so forth. Decision trees often only
use a subset of all available features for their decision points, leading to a naturally emerging
ranking and selection.

Another popular feature selection method is called recursive feature elimination (RFE). It is
similar to BE in the sense that unimportant features are iteratively discarded. However, in
order to do so, it relies on feature rankings obtained from an underlying predictor such as
a decision tree or random forest, which is retrained once in every iteration. RFE combines
elements of both filter and wrapper methods and is usually counted as an embedded method.

A potential baseline against which the effectiveness of feature selection methods can be tested
is random sampling. A (random or pre-determined) number of features is selected using a
random number generator. To counter potential statistical artefacts, this selection method
should be repeated several times and averages be taken over final predictive results. Another
baseline for comparison should always be the complete set of all available features.

2.3 Feature engineering

Instead of selecting subsets of the available features in a dataset, it is sometimes useful to
‘create’ new features. This process is referred to as feature engineering. It encompasses pre-
processing methods that handle missing values, as well as data from varying ranges or mixed
types. Feature engineering is not only used as a preprocessing step to clean up the available
data. Instead, attributes can also be re-combined or split up to condense information or make
previously hidden parts accessible.

Samples with missing values are often omitted during training, as many algorithms are unable to
handle such cases. This can significantly reduce the effective dataset size when many instances
are affected, or introduce unwanted bias if, for example, only samples belonging to a certain
class have missing values. Substitutes for these blanks can be created using a fixed default
value, or various statistical measures, such as inserting the median or mean values. For time
series data, the last known number is kept until the next populated sample is reached. This
process is called data imputation.42

Numerical features often come in varying ranges. For instance, the melting points of most
metals can range from several hundred to a few thousand degrees Celsius. Their densities, on
the other hand, usually vary between around one to a few dozen grams per cubic centimetre
at most.43 If used unscaled, the melting point attribute would most likely be given much more
importance by a machine learning algorithm, even if the target variable correlates only very
loosely with it. Features are therefore usually either scaled or normalised such that their ranges
or distributions are similar. A common feature scaling method is min-max scaling, where the
range of each feature is determined and then transformed into e.g. the range [0, 1] or [−1, 1] via
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linear transformation. Normalising feature ranges, also known as standardisation or standard
scaling, means transforming the data such that they have a mean of 0 and a standard deviation
of 1.

Non-numeric or mixed type data are not always suitable as inputs for a chosen machine learning
algorithm. Therefore, categorical and ordinal data are usually encoded. This means turning
categories such as ‘cat’, ‘dog’ and ‘house plant’ into numerical values 1, 2 and 3. With categor-
ical data, there is no inherent order or relation between the numbers representing the different
categories. If a sample of a house plant (category 3) were incorrectly marked as category 1,
the error is not greater than if the value were 2. Ordinal data, on the other hand, represents
ordered categories, hence the name. Measurements taken during a category 5 hurricane can be
expected to differ more from those of a category 1 than a category 4 one.

A very common feature engineering method that can also reduce dataset size is principal com-
ponent analysis (PCA).44–46 This concept stems from multivariate statistics, where it is used
to represent high-dimensional data via projection onto a (potentially much smaller) number
of orthogonal variables. These principal components stem from the eigenvectors of the data’s
covariance matrix.

When dealing with time-dependent data, extracting time-related features such as day of the
week, month, or season from timestamps is also considered to be a feature engineering tech-
nique.

2.4 Post-training feature evaluation

Thus far, all discussed feature selection and feature engineering methods were applied directly
to the ‘raw’ training data. There also exist some more advanced techniques that can be viewed
as complex, ‘a-posteriori’ feature selection or engineering. These emerge during neural network
training or are derived from fully trained networks.

Such methods include autoencoders47,48, a type of neural network that aims to generate a com-
pressed, lower-dimensional representation of the inputs. These representations are somewhat
similar to a non-linear version of PCA, making autoencoders a kind of feature engineering
technique. This type of neural networks is explained in more detail in Section 3.4.2.

In the context of explainable AI, which is concerned with making the decision-making process
of machine learning more transparent, a popular tool for estimating the importance of indi-
vidual features of a neural network are SHAP values (SHapley Additive exPlanations).49,50

This concept stems from cooperative game theory and aims to measure the ‘worth’ of each
attribute for predicting the target value within coalitions with other attributes, making it a
form of advanced feature importance ranking method. SHAP values can be calculated for any
fully trained neural networks.
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2.5 Algorithm and hyperparameter selection

For each step of the machine learning process, a variety of tools and algorithms are available.
Unfortunately, none of them are one-size-fits-all solutions, as different methods have individual
strengths and weaknesses.51 Their effectiveness depends on the available data and the specific
task at hand. Many algorithms have tuneable hyperparameters, further increasing the choices
required when building a machine learning application.

The performance of a model critically depends on selecting appropriate algorithms and hy-
perparameters. This task can be time-consuming and computationally expensive, even for
experienced users. The field that aims to automate this process is called AutoML.52 This
term encompasses both the search for the best-suited algorithm, as well as the optimisation
of related algorithm hyperparameters. The choice of the specific predictive machine learning
algorithm can also be considered a hyperparameter of the machine learning process. AutoML
is often used synonymously with hyperparameter optimisation.

Hyperparameter optimisation algorithms come in varying levels of complexity and capabil-
ity. Exhaustive search, grid search and random search methods explore some or all possible
combinations of parameter values in a structured (or random) manner. Statistically driven
techniques, such as Bayesian optimisation53, rely on statistical criteria to iteratively update
their search strategy based on the performance of evaluated samples. Localised search algo-
rithms, such as hill climbers54, compare neighbouring solutions and iteratively update their
selection towards higher-scoring ones. Hill climbers may be coupled with stochastic methods,
such as genetic algorithms55 or simulated annealing56, to generate neighbour candidates. These
methods aim to balance exploiting promising regions of hyperparameter combinations versus
exploring previously unseen ones. As ever, each of these tools has its individual strengths and
weaknesses, and the expense of implementing and running them must be weighed against their
advantages over other search algorithms.

2.6 Algorithm performance metrics

Depending on the dataset and task, different metrics are available to measure how well a
machine learning algorithm performs. For classification tasks, the most common indicator for
algorithm performance is called accuracy. This measure describes the fraction (or percentage)
of samples that were labelled using the correct class label:

Accuracy = Number of correct predictions
Total number of predictions (2.1)

Other common metrics for classification tasks include precision, sensitivity, specificity, and
composites thereof. These are most often stated for binary classification tasks, where the class
values can be represented as ‘true’ or ‘false’, but can all be adapted for multi-class classification
tasks. In such cases, they need to be calculated per class, where ‘true’ indicates membership
of the regarded class and ‘false’ that of any other class.
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Precision measures how many of the samples predicted as positive are truly members of the
positive class:

Precision = True positives
True positives + false positives (2.2)

Sensitivity, also known as recall, measures how many samples belonging to the positive class
were correctly identified as such:

Sensitivity (Recall) = True positives
True positives + false negatives (2.3)

Specificity, also known as selectivity, measures how many samples belonging to the negative
class (or to any other but the regarded class in case of multi-class problems) were correctly
identified as such:

Specificity (Selectivity) = True negatives
True negatives + false positives (2.4)

All four of the presented metrics output values between 0.0 and 1.0, with 1.0 indicating a well-
performing algorithm, though not necessarily a perfect prediction of each sample. A precision
score of 1.0 means that all samples predicted as positives are truly positive. False negatives
are not taken into account by this metric, however. In particular, an algorithm that always
outputs positive will achieve a precision score of 1.0, but could theoretically have an accuracy
of 0.0 if all regarded samples belong to the negative class. Therefore, precision and recall are
often reported together, usually in combination with the F1-score, which is the harmonic mean
between them:

F1 − Score = 2 × Precision × Recall
Precision + Recall (2.5)

A practical example of a binary classification task is virus testing, with test results belonging
to the two classes ‘positive’ and ‘negative’. Consider a group of 100 people, out of which 60
are infected with a virus, whereas 40 are not. A rapid test correctly identified 54 of the 60
infected people as positive (‘true positives’), and 38 of the 40 not infected people as negative
(‘true negatives’). The remaining 8 were misdiagnosed by the test (2 are ‘false positives’ and
6 are ‘false negatives’).

This test therefore has an accuracy of (54 + 38)/100 = 92/100 = 0.92, having made correct
predictions in 92% of all cases. The test’s precision score is 54/(54 + 2) = 54/56 = 0.96. This
means that out of the 56 people testing positive, 96% truly are infected. Its sensitivity score is
54/(54 + 6) = 54/60 = 0.9, meaning that 90% of infected people were correctly identified. And
finally, the specificity score of the test is 38/(38 + 2) = 38/40 = 0.95, indicating that 95% of
individuals with a negative result are indeed not infected. In particular, while all three metrics
may appear to be highly similar, they convey different aspects of the quality of the applied
test.

Lastly, the virus testing example reaches an F1-score of 0.93. As with the other metrics, the
higher the F1-score, the better. However, no universal scale or threshold exists that indicates
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when a score can be considered ‘good’ (or ‘good enough’). Such assessments can only be made
in comparison to other methods, that may reach different scores.

2.6.1 Loss functions

Instead of measuring how well an algorithm is doing, it is also possible to look at how badly it
performs. This can be achieved via a so-called loss function. Regression tasks, which output a
numeric value instead of a category or class, are typically evaluated using only a loss function.
Common measures for the error made by a regression model include the mean squared error
(MSE) given by

MSE = 1
n

n∑
i=1

(yi − ŷi)2, (2.6)

where n is the number of samples, yi the predicted and ŷi the true value for sample i. Some-
times, the root mean squared error (RMSE), given by

RMSE =
√

MSE (2.7)

is preferred over the MSE.

Both the MSE and the RMSE lack pre-determined ranges and should be regarded in relation
to the range of the target value. Therefore, other statistical measures are sometimes reported
along with MSE or RMSE values. Common amongst these is the coefficient of determination,
or R2 value. This metric evaluates the goodness of fit of a regression model by comparing
the variances of the predicted values to the variances of the true values. The coefficient of
determination is given by

R2 = 1 −
∑n

i=1(yi − ŷi)2∑n
i=1(yi − ȳ)2 , (2.8)

where ȳ indicates the mean of the true values, and the other variables are used as above in
Equation (2.6). R2 normally ranges from -1.0 to 1.0, with 1.0 indicating perfect predictions,
and negative values meaning that the model performs worse than if it would always predict
the sample mean.

Classification tasks by definition do not produce numerical results, and can therefore not be
evaluated using the above loss functions. However, some types of machine learning algorithms,
such as neural networks which are discussed in detail in Chapter 3, rely on having a loss function
available. Under the hood, these algorithms often learn probabilities of samples belonging to
each of the available classes. Functions such as the binary or categorical cross-entropy loss then
compare the differences between probability distributions.57

2.6.2 Dataset splitting and cross-validation

A very important step in the machine learning process is performing a train-test split. This
involves dividing the available dataset into two parts, typically of uneven sizes. The larger
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part, known as the training split or training set (denoted by D), is used to train the machine
learning algorithm.

The smaller part constitutes the test set, Dtest. Having a distinct test set enables the estimation
of how well the machine learning algorithm can perform on entirely new, previously unseen
data – or, in other words, its ability to generalise. Therefore metrics used to measure the
predictive capabilities of a machine learning model should always be calculated on this split.

Without a separate test set, any evaluation metric merely gauges how well the chosen machine
learning model captures the specific patterns and noise present within the training data. Algo-
rithms that excel at capturing these structures are considered overfitted to the training data.
They tend to perform well on the training set but poorly on the test set.

Especially in the case of small or unevenly distributed datasets, the selection of the train-
test split can significantly impact model performance. A common technique to address such
statistical artefacts is called cross-validation (CV). During CV, after setting aside a designated
test set, the training set is once again divided into n equal parts, called folds. Subsequently,
all preprocessing, feature or model selection, and training steps are repeated n times. Each
time, a different part of of the training data is set aside as a validation set, Dvalid. Performance
metrics are calculated on Dvalid and then averaged over all folds. Finally, the performance on
Dtest also needs to be evaluated for all n versions and then averaged. Cross-validation enhances
the generalisability of results.

Unfortunately, the terms test and validation set are applied inconsistently throughout the
machine learning community and pertinent literature. It is therefore important to always pay
close attention to their specific usage in any given text or context.

16



Chapter 3

Neural network-based machine
learning
Mimicking the human brain

There is an inherent limit to the complexity of tasks and datasets that each different type
of machine learning algorithm is able to handle. With rising amounts of available training
data, and access to sufficient computational power, the demands on model capacity increase
simultaneously. Artificial neural networks (ANNs), also abbreviated as neural networks, are
the most powerful type of machine learning algorithm available today.57 These networks are
modelled after the neurons in a human brain, where information from multiple sources is
collected via structures called dendrites, aggregated in the cell nucleus, processed and then
passed on.58 ANNs can link several layers of neurons, in which case they are referred to as
deep networks. Neural network based machine learning algorithms are therefore frequently
summarised as deep learning (DL). In addition to being able to handle larger and more complex
datasets, these algorithms exhibit plasticity. This means that they are able to learn new
information once it becomes available, without having to be re-trained entirely from scratch.57

The idea of neural networks stems from mathematical modelling; therefore the language best
suited to represent them is inherently mathematical. This chapter introduces the mathematical
notations required to describe and manipulate elements of ANNs. It presents the basics of
neural networks and deep learning, and elaborates on how to train neural networks. Common
(structural) elements of neural networks are introduced, and an outlook is given into more
advanced types of networks.

3.1 Mathematical representations of neural networks

The most basic structure of a neural network is the (single-layer) perceptron 59, which models
the combination of two or more input values into a single output value, often depicted using
circles and lines as illustrated in Figure 3.1. In such depictions, information is always considered
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to flow from left to right unless explicitly marked by arrows pointing out the direction. The
circles are called neurons or nodes, and represent scalar valued information units. The terms
neuron and node are often used interchangeably, with neuron stemming from the biological,
and node from the graph theory point of view.

The neurons are connected via weights, marked by lines. These weights are given in the form
of a weight vector w. The respective input values are multiplied with their weights and then
summed up. Sometimes a bias term b, a constant not influenced by the input values, is also
added. Most depictions of perceptrons skip this element.

Figure 3.1: A single-layer perceptron. Two
input nodes (left) are connected via
weights to a single output node (right).
Figure created using LeNail 60 .

Figure 3.2: A multi-class perceptron, that
transforms four dimensional inputs into
three different classes. Figure created us-
ing LeNail 60 .

Perceptrons are designed to distinguish between the binary states zero and one. In order to
do so, they aggregate the weighted inputs, and then pass the computed value through an
activation function. This function is typically a form of threshold function, yielding either zero
or one depending on the calculated activation state. By definition, single-layer perceptrons
are therefore also single-class perceptrons, meaning that they can decide whether or not the
provided inputs belong to a single class (or equivalently, contain a single property, fulfil a single
condition, etc.). In mathematical terms, the output of a perceptron results to

f(x) = Φ(w · x + b) =
{

1, w · x + b > c

0, otherwise
, (3.1)

with input x, weights w, bias term b and threshold c (often chosen as zero). Φ denotes the
activation function, which in this case is a binary decision function (also known as Heaviside
step function).57

Multi-class perceptrons are a combination of several single-class perceptrons, and w.l.o.g. trans-
form m-dimensional inputs into n-dimensional outputs, as depicted in Figure 3.2. In this case,
the connecting weights are represented as weight matrix W ∈ Rm×n. The ith column vector
wi of W denotes the weights connecting the ith input neuron to each of the n output neurons.
The activation function Φ can also take more generalised, often non-linear forms, which yields

f(x) = Φ(Wx + b) (3.2)

18



3.2 Training neural networks

as the governing equation describing the output of a multi-class perceptron.57 Activation func-
tions and their properties are covered in more detail in Section 3.3.3.

When two or more multi-class perceptrons are combined in sequence (sometimes described
as ‘stacked on top of each other’, as shown in Figure 3.3), they form the layers of a deep or
hidden belief network, or simply a multi-layer perceptron (MLP)61. The output fi(xi) of one
layer becomes the input xi+1 of the subsequent layer. Layers in the middle are referred to
as hidden layers since neither their inputs nor outputs are directly observed from the outside.
The governing equation F (·) describing a deep feed-forward neural network with k layers is
thus given by

F (x) = fk(xk) = fk ◦ fk−1(xk−1) = . . . = fk ◦ fk−1 ◦ . . . ◦ f1(x), (3.3)

with x1 ≡ x, and the fi = Φi(W ixi + bi), i ∈ {1, . . . , k} are the individual layer functions as
in Equation (3.2).

Figure 3.3: A multi-layer perceptron with a three dimensional input and a single-class output.
The two central layers are ‘hidden’ since they are not directly observable from the outside,
and are therefore called hidden layers. Figure created using LeNail 60 .

3.2 Training neural networks

In contrast to other machine learning algorithms, neural networks are not trained by simply
processing all the available training data just once. Instead, the training data D is usually
divided into small batches, sometimes referred to as mini-batches, of equal size, each of which
contains several dozen to a few hundred samples. This technique drastically reduces the amount
of data that needs to be kept in memory simultaneously. Each batch is passed through the
network in a forward pass, meaning that for each sample x in the batch, F (x) is calculated as
in Equation (3.3). The computed outputs of the batch are then compared with the true values
(or labels) using a loss function as discussed in Section 2.6.1. The objective during neural
network training is to minimise this loss function. Other metrics may be kept track of as well
during the training, such as accuracy in case of a classification problem. If a validation set
Dvalid is passed to the neural network, loss, accuracy, etc. are also calculated for this set, and
are subsequently referred to as validation loss, validation accuracy, etc. These values are not
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used to improve network quality however, they just serve as an estimator of training success
for the user.57

The training loss is used to update the network weights, aiming to reduce the prediction error.
This can be achieved through various different optimiser functions, some of which rely on the
gradients of the loss function with respect to the network weights. The updating process occurs
in reverse, starting from the last layer and progressing to the first layer. Consequently, this
step is referred to as backwards propagation, or backpropagation. Once all batches have been
processed by the network, one epoch of training is complete. Fully training a neural network
can take several hundred to thousands of epochs.57

A fixed or dynamic learning rate may be specified for the optimiser function. This parameter
adjusts the magnitudes by which the weights can get updated during backpropagation. The
choice of learning rate influences the convergence speed during neural network training, as well
as the stability of the training process.57

3.3 Common structural elements of neural networks

Neural networks can consist of a few to several hundreds of layers. While most of these serve
the purpose of transforming inputs in some way, other types of layers also exist. These can
serve a wide variety of purposes, such as to introduce additional non-linearity, reduce or reshape
the size of intermediate outputs, or regularise the learning process. The most common types
of neural network elements are introduced in this section.

3.3.1 Dense layers

Multi-layer perceptrons and their layers are alternatively referred to as fully connected or dense
neural networks or layers, respectively. This nomenclature stems from their weight matrices
being fully connected, also known as dense. These layers treat their inputs and outputs as
vectors, and require higher dimensional data to be re-shaped into 1-D vectors first. However,
when working with, for instance, images, this can quickly result in huge matrices with millions
of connections, potentially causing out-of-memory issues. Another drawback of vectorising data
is the loss of spatial information. Fortunately, other structural elements of neural networks exist
that are better suited to handling specialised input, or contribute in various ways to enhance
network quality.

3.3.2 Convolutional layers

Convolutional neural networks (CNNs) are inspired by the visual cortex.62 The term convolu-
tion stems from functional analysis, where it describes how one function modifies the shape of
another function. Convolutional layers efficiently handle higher dimensional data by avoiding
direct connections between inputs and outputs. Instead, a convolutional kernel (or filter) slides
over the columns and rows of the input data with a pre-determined step size, known as stride.
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The kernel’s values are the trainable weights of the convolutional layers and are convolved (i.e.
multiplied and then summed up) with the segments of the data currently ‘seen’ by the kernel
(hence the alternative term filter). This operation calculates the point in the output layer
that corresponds to the kernel’s current position. Additionally, a trainable bias term that is
independent of the inputs may also be added. Figure 3.4 illustrates an example of a 2D input,
being processed by a 3×3 kernel with a stride of 1, without any bias. Consequently, the output
is also a 2D slice. A stride of 2 would mean sliding the kernel along two cells in each step,
resulting in a smaller output.57

Figure 3.4: Example of a convolutional layer with a 3 × 3 kernel. The kernel slides along
the columns and rows of the input data. Values that are seen by it (marked in yellow)
are multiplied with the corresponding kernel value and then summed up. This forms the
corresponding value in the output data.

The CNN example in Figure 3.4 results in a reduction of the dimensions of the input data, and
causes a minor amount of information loss at the outer edges. This effect is often undesirable,
necessitating so-called padding. Padding involves adding rows and columns of zeros around
the input data, allowing the kernel to slide over the edges, as illustrated in Figure 3.5. The
additional zeros do not need to be stored and will not be visible in any of the outputs.

Figure 3.5: When zero padding is used, the input data are treated as if zeros were added all
around, such that the filter can slide out over the edge and the input and output shape of
the layer stay consistent.

In the context of computer vision, a 2D input corresponds to a monochrome image, typically
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grey-scale. (Multi-)coloured images are stored as 3D data, with a separate 2D ‘channel’ for
red, blue, and green values. Convolutional layers that handle 3D inputs therefore require 3D
kernels, with one kernel slice per channel. The output in this case is a single 2D slice, where
each pixel value corresponds to the sum of the individual channel/kernel slice convolutions.

Let x be the input of a convolutional layer with c channels, and K be a 3D kernel with a
corresponding number c of slices. Then the governing equation f of a convolutional layer using
x and K is given by

f(x) =
c∑

i=1
(Ki ⊛ xi), (3.4)

where Ki denotes the ith slice of K, xi the ith channel of x, and ⊛ is the symbol for the
mathematical convolution operation. Note that the bias term and activation function in were
omitted Equation (3.4).

Commonly, the output of a convolutional layer will not consist of only a single channel. Indeed,
modern CNN architectures often include layers with several hundred channels instead.24,25,63,64

These typically have no more physical relation to any individual colour value etc., but usually
each specialise in different aspects of image recognition such as edge detection.24 In this case,
one 3D kernel per desired number of output channels is required. Alternatively, such a kernel
may be denoted as a 4D tensor K, where the fourth dimension corresponds to the number of
output channels. Input x gets convolved with K[:, :, :, j] to form the jth output channel.

It is also possible, albeit less common, to have individual kernels per channel, that are not
summed up. This type of convolution, known as depth-wise convolution65, preserves the num-
ber of channels. Depth-wise convolutions result in fewer network parameters, which can improve
training times, memory usage and inference speed, making them particularly useful for mobile
applications.66

3.3.3 Activation functions

Equation (3.2) contained an activation function Φ, which in the case of fully connected neural
networks, is responsible for introducing non-linearity into the system. Without activation
functions, these networks would be equivalent to linear regression models. Common choices
of activation function include piecewise linear functions such as the binary activation given by
Equation (3.1), or the very popular rectified linear unit (ReLU)67, defined as

ReLU(x) =
{
x, w > 0
0, otherwise

. (3.5)

Variations of ReLU exist68 that do not simply output zero for negative input signals, but instead
perform linear (Leaky ReLU) or non-linear (exponential linear unit, ELU69) transformations
for x < 0. Highly non-linear functions such as the hyperbolic tangent tanh and various sigmoid
or logistic functions are also used. These functions are illustrated in Figure 3.6. All of them
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have individual strengths and weaknesses, with some being faster to compute while others add
regularisation to neural network training.

Figure 3.6: Examples of common activation functions. While some are piecewise linear (such
as the step function and ReLU variations), others can be highly non-linear.

In popular deep learning libraries such as TensorFlow70 or PyTorch71, activation functions can
be directly attached to layers like dense or convolutional layers, or included as separate layers.
Similarly, modern DL architectures sometimes explicitly list activation functions or activation
layers72–74, especially if not all feature transformation layers are followed by an activation
function.

3.3.4 Flatten layers

When higher dimensional data is used to predict single or multi-class outputs, at some point
within the neural network graph the shape of information needs to change from being multi-
dimensional to the form of a vector. This is usually achieved via so-called flatten layers, that
simply vectorise the output the previous layer by stacking the data row, column, and channel
wise. In particular, if input x to the flatten layer is of shape (w, h, c), its resulting output f(x)
will be of length w · h · c. The subsequent dense layer with n neurons therefore has a weight
matrix W with (w · h · c) × n connections. Flatten layers can be regarded as a specialised form
of reshape layer, that transform the shape of data without any further alteration.

3.3.5 Pooling layers

In general, convolutional layers can cause a significant increase in the size of data being passed
through them by adding more and more channels. A common technique to counter this data
growth is pooling 75, which originates from the cresceptron 76. Pooling layers shrink the width
and height of each channel by aggregating values, most often either by taking the maximum
or the average of all inputs in the pooling filter. This is feasible, as individual pixels in
images usually do not contain excessive amounts of information. Similar to convolutional
layers, pooling works by passing a pooling filter (or pooling window) of a given width and
height across the rows and columns of each data channel, moving with a specified stride.

Figure 3.7 illustrates a pooling example, where a 2 × 2 max pooling filter is slid over the input
with a stride of 2. In this example, zero padding was added, which works exactly the same
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Figure 3.7: Max pooling with a 2 × 2 pooling filter, stride of 2, and zero padding. Without it,
information from the right-most column would be lost.

as with convolutional layers illustrated in Figure 3.5. Without padding, a small amount of
information, in this case the right-most column, would be cut off at the edge of the input. Note
that pooling layers do not have any trainable weights at all, but are customised only by fixed
hyperparameters.

3.3.6 Batch normalisation layers

Training a neural network is time and resource intensive, and can pose a number of challenges.
One known issue is the fact that the loss from different batches of training data can vary
significantly, requiring large changes in the network weights of each layer during the backward
passes. In their 2015 paper, Ioffe and Szegedy 77 introduced a technique which they named batch
normalisation (BN), which standardises the inputs to a network by normalising each batch.
In particular, each batch is re-scaled to have a mean output of zero and standard deviation of
one. Following the previous notation, the governing equation of a batch normalisation layer is
given by

f(x) = γ
x − µ√
σ2 + ϵ

+ β, (3.6)

with input x, µ and δ representing the mean and standard deviation of the current mini-batch,
scaling factor γ and offset factor β. γ and β are the trainable parameters of these layers, and
are updated during backpropagation in the same way as any other trainable weights. Moving
averages of µ and σ are retained and continuously updated during training, to be used when
making predictions.

Batch normalisation layers are usually inserted directly before the outputs of a layer are passed
through an activation function.77 Standardisation occurs in each batch normalisation layer,
not just once per neural network. Adding such layers has been shown to accelerate training,
and to provide regularisation for the network, which in turn reduces overfitting and allows for
better generalisability.78
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3.4 Advanced types of neural networks

3.4.1 Recurrent neural networks

Feed forward neural networks, as described by Equation (3.3), operate on the principle that
information is sequentially passed forward through them. In particular, this means that each
layer only receives the information coming from its immediate predecessor. Such networks are
referred to as memory-less or acyclic, meaning that from a graph theory perspective, no cycles
exist within the network graph. This suffices when working with static data such as for image
recognition tasks.

However, when the data and task are time dependent or involve sequences, such as making
forecasts based on current and previous events or working with language processing, it is crucial
to have access to the history of a data sample. For these cases, we need recurrent neural
networks (RNNs). These networks can include feed back connections, where information is
passed back to a previous layer, as well as skip connections, where the outputs of one layer are
fed into not only the subsequent layer but also to one or more additional layers further down
the line. Both of these elements are illustrated in Figure 3.8. Natural language processing
models for example, such as the various GPT-based ones3 mentioned in Chapter 1, rely on
RNNs to process sequences of words.

Figure 3.8: Example of a very simple recurrent neural network with one backwards connection
(top, dot-dashed line) and one skip connection (bottom, dashed line). Figure created using
LeNail 60 .

3.4.2 Autoencoders

So far, all components of neural networks that have been introduced belong to the category of
supervised learning. This implies that some form of ground truth, such as labels attached to the
training data, is necessary for calculating the prediction errors during training. Autoencoders
(AEs)47 are a type of artificial neural network that instead falls into what is called unsupervised
learning. The key property of AEs is that their input and output are of the same size, and the
goal during training is to match these two as closely as possible.
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However, in between these layers, information is passed through some form of bottleneck. The
neuron count decreases (along the encoder part) and then symmetrically increases again (along
the decoder part) around a central, most compressed layer, which is called the code, as shown in
Figure 3.9. Autoencoders can also contain convolutional as well as other types of layers, instead
of or in addition to dense layers. Their architecture still needs to adhere to the symmetrical
bottleneck style presented in Figure 3.9.

Figure 3.9: Schematic illustration of an autoencoder. Each bar represents a dense or convolu-
tional layer, bars of same size indicate same number of neurons or channels in the respective
layer. Adapted from Figure 6 in Schiessler et al. 79 .

In particular, AEs can be used for dimensionality reduction and data compression, similar to
a non-linear version of principal component analysis (PCA).44–46,48,80 They can be viewed as a
form of feature engineering tool that creates new features not directly from the data but from
a trained model. Besides information compression, autoencoders can also be used for noise
reduction81 and anomaly detection82.
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Chapter 4

Neural architecture search
Finding optimised network topologies

In case of deep learning, hyperparameter tuning can be viewed as a two part task. First, the
‘inner’ hyperparameters need to be selected. These involve the number and order of topological
elements that constitute the final network architecture, as well as their specific configurations.
Second, the ‘outer’ hyperparameters must be determined. These are related to neural network
training, such as the optimiser and loss functions, the learning rate, etc. As is the case in
classical machine learning, the relevant selection steps can be automated. In the context of
DL, researchers prefer the term neural architecture search (NAS)29,30 over AutoML52 when
discussing topological concerns, i.e. the inner hyperparameters. However, the distinction
between searching for either of the two parts is not always very clear, as the final output
is, of course, dependent on the sum of all choices.

This chapter gives an overview over the historical development of NAS algorithms and briefly
explains common elements that most of them share. Techniques for shrinking neural networks,
known as pruning, are presented and the concept of genetic algorithms is explained.

4.1 Origins and basics

The earliest versions of what today is referred to as neural architecture search date back
to at least Tenorio and Lee 83 and Moody 84 . More recently, this field was revitalised by
groundbreaking works from Zoph and Le 85 and Liu et al. 86 , which have led to the development
of numerous extensions in various directions30,31. A significant challenge in Zoph and Le 85 is
that their method relies on the availability of substantial computational resources, requiring
the use of up to 800 GPUs over multiple weeks to achieve competitive results on the CIFAR-
1087 benchmark dataset. Weight sharing between network candidates is a commonly applied
technique to reduce the computational cost of NAS algorithms.88–92

Most NAS algorithms share several common elements and execution steps29,31, which are il-
lustrated in Figure 4.1. the search space encompasses all theoretically available architectures,
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typically defined by a set of rules by which these architectures can be constructed. A controller
generates a large number of configurations from the search space, potentially following addi-
tional rules that may have been created or refined during previous search iterations. These
configurations, also referred to as candidate architectures, are then trained on the training set
D and ranked on the validation set Dvalid. An evaluation strategy is employed to provide feed-
back to the controller, which may update its search strategy or search space accordingly. This
process is iteratively repeated until a desired stopping criterion is met. From the most current
batch of candidates, a final optimised network architecture is selected. The winning network
may sometimes be retrained from scratch once more before its performance is evaluated on the
test set Dtest.

Figure 4.1: Schematic overview of the NAS process. It is repeated iteratively until a desired
stopping criterion has been reached.

NAS research experienced a further popularity surge after the DARTS (differentiable archi-
tecture search) algorithm was published by Liu et al. 86 . Instead of working with discrete
architectural components, it represents the search space in the form of a super network that
contains all possible candidates, linked by what the authors call continuous operation weights.
The topology selection happens via continuous relaxation and gradient-based optimisation.
DARTS has a few shortcomings, such as having a high memory usage93, and a tendency to
converge to similar architectures94. Many publications93–98 have since come out that have
aimed to correct some of these shortcomings, and/or have extended the underlying idea in a
wide range of different directions.

4.2 Genetic neural architecture search

Genetic algorithms, also called evolutionary algorithms, are inspired by the natural process of
evolution. These algorithms optimise and evolve network topologies in an iterative process:99

A population of individuals competes towards some predefined goal, such as producing the best
performing neural network architecture. The fittest members are able to reproduce, and pass on
(some of) their defining structural elements (genes). Offspring are created either from a single
parent via mutation, or from multiple parents via recombination (i.e. cross-over between the
parents’ genes). This process is illustrated in Figure 4.2. The genome of a neural architecture
candidate can consist of individual layers92, or of blocks of cells, which in turn comprise of
specific sequences of elements and connections100.
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Figure 4.2: Example of a genetic algorithm. The fittest individuals of a population are selected
through some fitness evaluation. They are then able to reproduce via evolutionary processes
such as cross-over and mutation. The offspring form the new population generation.

In the context of neural architecture search, genetic algorithms date back to at least Miller
et al. 101 , who published what they called a neuro-evolutionary algorithm. Having to re-train
all child networks from scratch can be quite computationally expensive.31 Weight sharing
between network candidates, i.e. re-using trainable parameters across different architectures,
is sometimes employed to mitigate some of the computational costs.88,91,92

4.3 Pruning

The number of network parameters (i.e. trainable weights) within a neural network is a limiting
factor on the complexity of tasks it can perform. If the training set is too large in relation
to network’s size, at some point during the training process, underfitting occurs where finer
details can no longer be memorised and are constantly overwritten during backpropagation.57

With increasing hardware capabilities, such as larger memory and faster processors, larger
and more complex neural network architectures become more viable. Since improving model
performance is typically their main goal, NAS algorithms tend to output rather large networks
that contain millions of trainable parameters.30

However, there is a limit to the improvement that can be gained from increasing network
sizes. As discussed in Section 2.6.2, machine learning algorithms are susceptible to overfitting,
meaning they may learn idiosyncrasies and statistical artefacts found within their training data
too well. This happens at the cost of a reduced ability to generalise. Large neural networks are
especially prone to this behaviour, particularly when paired with comparatively small datasets.

Another downside of having a high number of network parameters is that such networks are
not only costly and difficult to train, but also require extensive resources in deployment. This
can be a particular challenge for applications designed to run on mobile devices such as tablets
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or smart phones.

A popular approach for reducing network sizes is called pruning.102–104 This term encompasses
an increasing number of methods and techniques that are employed to reduce the number
of network weights, either during training or for fully trained ANNs. The resulting loss in
predictive quality can usually be compensated for by only a small amount of re-training.30

Many studies have shown that network compression of up to 90% is possible without significant
performance losses.30,105

Pruning algorithms can be roughly separated into two categories: structured vs. unstruc-
tured methods. Unstructured pruning usually involves identifying the least important network
weights within the network graph and permanently setting these weights to zero. During the
subsequent re-training, pruned weights are not updated any more. Structured pruning, by con-
trast, aims to remove entire network elements such as neurons from a dense layer or channels
from a convolutional layer. To achieve this, all incoming and outgoing weights of the structure
need to be removed. Figure 4.3 illustrates this distinction.

Figure 4.3: Unstructured (left) vs. structured (right) pruning. Dotted lines represent weights
that have been removed or set to zero. In unstructured pruning, these can be located all
over the network graph. Structured pruning however aims to remove entire units by pruning
all associated incoming and outgoing weights. Figure created using LeNail 60 .

Unstructured pruning is usually easier and cheaper to implement as all weights can be consid-
ered individually. Structured pruning is required however if the goal is an overall reduction of
the network graph without having to rely on sparse storage techniques.106
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Examples of AI-driven research
Applying theory to practice

The previous chapters have provided a comprehensive overview over the various steps and
aspects involved in the machine learning process. Each step’s practical relevance can vary from
case to case, along with associated challenges and difficulties. This chapter presents two use-
cases in which the presented theoretical foundations are put into practice. The first one stems
from the domain of material sciences, where machine learning can be used to predict how small
organic compounds can alter specific properties of the light metal magnesium. The second one
belongs into the field of deep learning research, where algorithms are developed that in turn
facilitate the implementation and application of deep learning.

5.1 Use-case 1: Feature selection and predictive modelling for
magnesium corrosion control

Magnesium is a lightweight metallic element that occurs abundantly on Earth4 and exhibits a
relatively high electrochemical reactivity5. It holds promise for a wide range of highly versa-
tile applications. These can be found in transport sectors like the automotive and aerospace
industries6–8, for which corrosion needs to be prevented. In a medical context, magnesium
finds application in, for example, biodegradable implants11,12, where degradation rates need to
be adjusted to the specific circumstances of the injury. Magnesium furthermore serves as an
anode material in batteries9,10, where a constant degradation rate is required. Hence, precise
control of its corrosion behaviour is necessary to meet varying demands.

Such control can be gained via the addition of small organic molecules to either a coating matrix,
or in the case of batteries, directly to the electrolyte.13–15 These molecules can be described by
thousands of distinct attributes, stemming either directly from the compound’s electrochemical
and structural properties, or derived from multi-scale computer simulations107,108 (such as
molecular dynamics or density functional theory). Which attributes are most pertinent to
the molecule’s influence on magnesium corrosion is not immediately apparent. The search for
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suitable contenders is further complicated by the fact that the chemical space from which these
molecules may be selected is almost unlimited.16 It cannot be effectively explored with even
the most capable high-throughput experimental testing setups.

Consequently, data-driven modelling is required to identify suitable organic compound candi-
dates. Machine learning algorithms such as the various feature selection methods presented in
Section 2.2 are especially powerful tools for extracting the relevant information from such intri-
cate and complex environments. With their aid, a number of molecular attributes or features
can be identified that are highly relevant with respect to a compound’s influence on magnesium
corrosion behaviour. Subsequently, predictive models relying on this feature set can be trained
to help search for materials with promising capabilities.

5.1.1 Identifying relevant molecular descriptors

A database containing measurements of the corrosion behaviour of a specific magnesium alloy
called ZE4114, when paired with different small organic compounds, served as the starting
point for publication 2. From this database, 60 different chemical compounds of interest
were selected.

The target variable in the resulting dataset D is inhibition efficiency (IE). This percentage
value describes how effective the organic compound is at inhibiting corrosion compared to that
of the pure alloy ZE41. Positive values indicate a slowdown in corrosion (with an IE of +100%
corresponding to no corrosion at all), whereas negative values signify an acceleration of corro-
sion. The target variable values are distributed unevenly across a range of [−270, 75] IE / %,
as illustrated in Figure 5.1.

Figure 5.1: Distribution of the inhibition efficiency values of the 60 small organic compounds
used in publication 2. The data are spread unevenly across the range of [−270, 75] IE / %.
Previously unpublished figure.

The compounds can be described by thousands of attributes derived either directly from struc-
tural and electrochemical properties, or calculated using various quantum chemical and chemin-
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formatics software packages. In the context of magnesium corrosion research, the term (molec-
ular) descriptor is used synonymously with feature. Only descriptors that were not constant
or almost zero across the entire dataset were retained, resulting in a total of 1,260 features per
sample.79 From a machine learning perspective, this dataset is highly unsuitable in its current
state, with a small sample size compared to an excessive number of attributes.

After splitting off 10% (i.e. 6) of the 60 samples as a representative validation set Dvalid
and normalising the feature ranges using a min-max-scaler, three different feature selection
strategies were employed (c.f. Section 2.2). These were used to select the top 3, 5, and 63 (i.e.
5% of all available) features.

1. Analysis of variance (ANOVA)

2. Recursive feature elimination (RFE) with random forests (RF) as underlying classifier

3. Random sampling

F-score based ANOVA is a deterministic scoring method and was thus calculated only once,
see also Section 2.2. More than 90% of all available features reached a score of less than 20%
of the maximal score, as shown in Figure 5.2 (left). The sets of n best-performing descriptors
based on ANOVA were determined by taking the respective top n entries from the sorted list.

Random forest-based recursive feature elimination yields results that vary based on the chosen
random seed, see also Section 2.2. Therefore, all RFE-based selection variants (i.e. searching
for the top 3-, 5- and 63-tuples of descriptors) were repeated 100 times each with different
random seeds. From these repeated runs, the most frequently occurring top 3- and top 5-
tuples were identified. No best 63-tuple composition was selected more than once, however.
A resulting ‘best performing’ 63-tuple was artificially based on the frequency with which each
descriptor was included in any of the identified 63-tuples, as shown in Figure 5.2 (right). Out
of 504 unique molecular descriptors, the vast majority (≈ 60%) were selected at most 5 times,
and only 5 features were selected during each run.

Both feature selection methods indicated that the vast majority of the 1,260 features are of
little importance, as illustrated in Figure 5.2. Notably, the lowest unoccupied molecular orbital
(LUMO), a density functional theory (DFT)-derived descriptor, consistently emerged as highly
relevant in each method, which seems to confirm previous findings18 based on human intuition.

5.1.2 Predictive modelling

To evaluate the predictive abilities of the selected features, each of the identified subsets were
used as sole inputs for neural networks. We compared the root mean squared errors (RMSE,
see Equation (2.7)) of predictions on the representative validation set Dvalid withheld before
beginning the feature selection and training process. As additional baselines, we trained neu-
ral networks using randomly selected groups of features, as well as on the whole set of 1,260
molecular descriptors. The neural network training process was repeated 100 times per selec-
tion method and number of features to counter statistical artefacts from underlying random
seeds, and predictive results were averaged over all models of the same type. Among all these
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Figure 5.2: Feature importance distributions for magnesium dissolution modulators as identified
in publication 2. a: Feature count per f-score value, determined by the ANOVA filter
method. b: Frequency of inclusion for 504 unique descriptors in 100 repeats of RFE-based
selection, identifying the best-performing 63-tuple of features. Adapted from Figure 2 in
Schiessler et al. 79 .

variations, the 5-tuple sets of descriptors selected using the RFE method performed best. This
result seems reasonable given that RFE is able to capture the correlations and dependencies
between groups of features instead of regarding each one on its own.

Since the available dataset D of 60 organic compounds is very small in terms of machine
learning, we could demonstrate that only a few outliers had a significant influence on the
overall performance of our methods. After excluding a compound that, uniquely within D,
contains a certain chemical structure, the neural networks trained on the RFE-based 5-tuple
of descriptors achieved an average RMSE of only 26pp (percentage points) on a representative
validation set Dvalid, as illustrated in Figure 5.3. An error of 26pp is well within the observed
error margin of experimental results found in e.g. Lamaka et al. 14 . These results indicate that
even given the limited amount of available data, feature selection methods are able to identify
molecular descriptors of small organic molecules that can be used to understand and predict
the compound’s influence on the corrosion behaviour of the magnesium alloy ZE41.

5.1.3 Autoencoders for outlier detection

As a further point of interest, we investigated how autoencoders might be used for outlier
detection. This special type of neural network is explained in more detail in Section 3.4.2. It
can be used to generate a lower-dimensional representation of the available features, somewhat
similar to a non-linear version of PCA. When coupled with a predictive model, the decoder
part of the autoencoder can be used, for example, to generate a contour map of the target
variable’s predicted values across the space spanned by the code. Plotting the true IE values of
the training and validation samples onto this contour map can be used to identify compounds
which are significantly mis-predicted, as illustrated in Figure 5.4.
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Figure 5.3: Predicted vs. true inhibition efficiency values for samples in the representative
validation set Dvalid in publication 2. M5b indicates results from neural networks trained
on the 5-tuple of features identified via RFE, M1260 those from neural networks trained on
the full feature set. Published as Figure 3 in Schiessler et al. 79 .

Figure 5.4: a: Samples from D in publication 2 plotted in a reduced 2-dimensional code
space. b: A contour map of the 2-d space spanned by the code can be created using the
decoder part of the autoencoder in combination with a predictive model. Published as
Figure 4 in Schiessler et al. 79 .

5.1.4 Validation of results

When applying machine learning methods on such small datasets, there is a high risk of overfit-
ting on the available training data, which results in models that perform poorly on previously
unseen samples. To assess the robustness of the methods and predictive capabilities established
in publication 2, a blind testing dataset Dtest comprising 15 previously untested small organic
compounds was created using the ExChem routine22, as illustrated in Figure 5.5. These formed
the blind testing set Dtest. The same experimental setup was used as for the original dataset D
of 60 magnesium dissolution modulators published by Lamaka et al. 14 . The combined dataset,
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Dcomb, comprises both D and Dtest.

Figure 5.5: Structure-property landscape of
the 60 magnesium dissolution modulator
samples in D. 20 compounds served as
‘parents’ (crossed circles) for generating
the blind test set Dtest for publication
3. Published as Figure 1 in Schiessler
et al. 109 .

Figure 5.6: Distribution of predictions on
Dtest in publication 3. Boxes are
coloured according to the compound’s
mean predicted IE values. Respective ex-
perimental IE values are represented as
coloured diamonds. Published as Figure
2 in Schiessler et al. 109 .

We replicated the feature selection process, prioritising RFE to identify 5-tuples of molecular
descriptors, as this variant showed optimal performance in publication 2. Selected features for
Dcomb consisted of a 3 : 2 combination of those chosen for D and Dtest, reflecting the proportion
of samples per dataset. This showcases the robustness of our selection method under extended
data availability. Notably, there was no overlap between the identified 5-tuples for D and Dtest,
indicating a somewhat limited ability of the models trained for publication 2 to capture the
specific qualities of samples in Dtest.

This expected reduced generalisability was confirmed by predictive results on Dtest using the
models from publication 2. Boxplots of the prediction distribution per sample are illustrated
in Figure 5.6. Approximately half of the 15 samples in Dtest were predicted within acceptable
error margins, with 6 of the remainder being extreme outliers. A structure-property landscape
projection, shown in Figure 5.7, revealed that mis-prediction of these compounds occured most
likely due to two main reasons:

Compounds 4, 6 and 16 (c.f. Figure 5.6), experimentally determined to be strong corrosion
accelerators, are located in a cluster of similarly structured, but experimentally widely varying
samples. Additionally, their measured inhibition efficiencies are on the lower end of the overall
range, where few samples exist, as can be seen in Figure 5.1.

Compounds 9, 12, and 15 (c.f. Figure 5.6), projected into a region containing both weak
accelerators and weak inhibitors in Figure 5.7, are experimentally determined to be weak to
moderate inhibitors. The selected features seem to be less suited for capturing the specific
properties of these compounds.
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Figure 5.7: Structure-property landscape for samples in D from publication 2 and Dtest
from publication 3. Compounds that were identified as extreme outliers within Dtest
are marked, along with their measured (predicted) IE values. Published as Figure 4 in
Schiessler et al. 109 .

While the models trained for publication 2 might not yet generalise for any new type of
compound, they show promise. The methods used in publication 2 scale well when new
data are added to the existing pool. Predictive outliers identified in publication 3 provided
further insights into structural regions that particularly benefit from additional samples.

5.2 Use-case 2: User-friendly and lightweight genetic neural
architecture search

At only 60 samples, the dataset D that was used throughout Section 5.1 is small in terms
of machine learning. In relation to standard deep learning datasets, which usually contain at
least several thousand samples, it is outright tiny. Training neural networks on such a limited
amount of data poses the risk of severe overfitting due to massively overparameterised network
architectures. The training process itself, on the other hand, advances fairly quickly, since very
few samples need to be passed through the network. This makes manual topology selection
feasible, as long as the user has a general idea what options to select from.

With a rising number of samples and/or an increasing complexity of tasks, manual optimisa-
tion becomes slower, more difficult, and more costly in terms of computational budget. Neural
architecture search methods, presented in Chapter 4, are a powerful tool to aid in the con-
struction and selection of suitable network topologies. However, many NAS algorithms rely on
repeatedly training numerous different candidates.31 While weight sharing can mitigate some
of the resulting computational costs89, NAS methods based on such techniques often require
pre-trained meta-controllers, and/or generate extensive network graphs that represent multiple
individual networks simultaneously.86,94 Therefore, despite being powerful in identifying suit-
able network topologies, these algorithms often necessitate extensive computational resources,
considerable user experience, or, in the worst case, both. Moreover, such algorithms tend
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to select relatively large, overparameterised network architectures30. This may be especially
unsuitable for certain applied scientific fields where data gathering is a limiting factor. Light-
weight and user-friendly solutions that can handle small datasets are therefore a huge asset for
researchers working in such fields.

5.2.1 Functionally equivalent, structurally different networks

The main idea behind the NAS algorithm presented in publication 1 was to identify functions
that are capable of altering the structure of a neural network while maintaining its input-output
behaviour. In mathematical terms, if F (·) is the governing equation for a given network, we
searched for F ′(·) such that

F (x) ≡ F ′(x) ∀ x, F ̸= F ′. (5.1)

With such functions, we aimed to create a genetic neural architecture search algorithm, where
functionally equivalent but structurally different offspring compete against each other. These
topological variations are introduced in the hope of overcoming local optima during the training
process. The associated fitness function takes into account the candidate’s predictive capability
as well as an estimate of it’s potential to improve.

For this first prototype, we focused solely on fully connected neural networks, where weight
matrices directly represent the existing connections within the network graph. For such ma-
trices, the addition of structural elements without a change in the overall network behaviour
is easily possible under certain conditions.110 New layers are initialised using an appropriately
shaped identity matrix as weight matrix. Let F (x) = f(x) = Φ(Wx + b) represent a single
dense layer as in Equation (3.2). Then

F ′(x) = f ′ ◦ f(x) = I(Φ(Wx + b)) + 0 = Φ(IWx + b) = Φ(Wx + b) = F (x), (5.2)

with weights given by the identity matrix I and zero-vector 0 as bias term. Equation (5.2)
holds true, iff the activation Φ is at least piecewise linear, which is met by e.g. the ReLU
activation given by Equation (3.5). Neurons are added to existing layers by copying some of
the existing weights, and multiplying them with a scaling factor. These adaptations form the
backbone of the Net2Net transformations introduced by Chen et al. 110 that aim to rapidly
train large neural networks with the aid of pre-trained smaller networks.

However, to avoid exclusively creating networks of increasing size, we also needed methods
to compress network architecture that preserve as much functionality as possible. Singular
value decomposition (SVD), a tool from linear algebra, can be used to find projections onto
smaller-dimensional sub spaces. It has been successfully employed in structured pruning.111–113

Following the Eckart-Young(-Mirsky) theorem114, SVD allows us to find the closest possible
lower rank representation under the Frobenius norm. This means that when creating a smaller
(weight) matrix to replace the original one via SVD, we are able to ensure that only the least
important bits of information are discarded.
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5.2.2 The Surgeon

These network adaptations formed the pool of available mutations for a genetic neural architec-
ture search algorithm that we named ‘the Surgeon’, a nod to Mary Shelley’s Frankenstein 115.
Instead of relying on a pre-trained or heuristic meta-controller, we implemented a deterministic
recommendation module for deciding which modifications should be applied. It combines an
analytical analysis of the weights of each layer that uses SVD to identify how many, if any,
neurons are superfluous, with a statistical estimation of network performance under the given
modification, which was derived from the Bayesian information criterion (BIC)116.

Next to improving predictive capabilities, an additional objective for the Surgeon is to balance
network efficacy with network size. Therefore, the Surgeon’s fitness function weighs candidate
performance against performance increase and parameter count difference with regard to the
candidate’s parent network. Let a denote the candidate’s validation accuracy, ∆a the accuracy
increase and p the parameter size fraction compared to the respective parent’s values. The
fitness function is therefore given by

fitness = a + exp(∆a)
exp(p) . (5.3)

This function punishes networks that grow too large, while rewarding those that show high
potential for further improvement.

The Surgeon is implemented in the style of a genetic algorithm. It alternates training and
optimisation phases, and may retain several competing topologies simultaneously, which are
called branches. Modifications are created for each branch during the optimisation phase, and
pooled to form the set of candidates for the current generation. The fitness function given by
Equation (5.3) selects the n best performing children to form the branches of the new parent
generation. Algorithm 1 (adapted from Algorithm 1 in Schiessler et al. 92) depicts this process.

5.2.3 Evaluation of results

The Surgeon’s performance was evaluated on various standard imaging benchmark datasets,
employing three different starting topologies. Experiments were repeated multiple times per
dataset/ starting topology combination and then averaged. As a baseline, we compared the
Surgeon’s performance to results obtained by repeatedly training the provided starting topology
for the same number of epochs.

For all dataset and starting topology combinations, the validation accuracies of the final topolo-
gies selected by the Surgeon reached or exceeded those of the baseline. In cases where the naive
validation accuracy was already high, the relative accuracy increases by the Surgeon where
modest, as illustrated in Figure 5.8. However, our algorithm was able to reduce the network
size without significant performance loss in several cases. In instances where the baseline’s
performance was low or where it was not learning at all due to an insufficient network size, the
Surgeon was able to overcome the initial local minimum and significantly improved network
performance, as illustrated in Figure 5.9.
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Algorithm 1 The Surgeon
function RUN(initial topology t0)

pre-train t0 (warm start)
initialise parent generation P0 = {t0}

while termination criteria not met do
identify all potential children Cpot from all parents p ∈ Pi

repeat
score Cpot and select candidates Csel

re-train all candidates in Csel for a small number of batches
evaluate candidates in Csel

keep n top scoring ones as child generation Ci

train all children c ∈ Ci until full epoch step
until improvement achieved or max re-tries reached
child generation Ci becomes new parent generation Pi+1

select final best scoring individual topt from Pfinal

return fully trained optimised network topt
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Figure 5.8: Example of a single run of the Sur-
geon on the CIFAR-10 dataset87 in pub-
lication 1. At around 30 epochs, the
Surgeon manages to overcome a local op-
timum. Published as Figure 4 (left) in
Schiessler et al. 92 .
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Figure 5.9: Example of a single run of the Sur-
geon on the SVHN dataset117 in publica-
tion 1. The Surgeon is able to rescue an
insufficient topology. Previously unpub-
lished data.

On average, the Surgeon required approximately 290 epochs of training per dataset and starting
topology to reach an equivalent of 100 epochs of naive baseline training. Our experiments made
apparent that, in most cases, this number of epochs exceeds what is needed until convergence
is reached. With appropriate early stopping techniques or a more dynamic training schedule,
the required computational costs can be significantly reduced118, making it a computationally
inexpensive version of a neural architecture search algorithm.
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5.2.4 Extending the capabilities of the Surgeon

A limitation of the Surgeon is its restriction to feed forward neural networks, i.e. dense layers
linked strictly in sequence. While such networks are easiest to analyse, understand, and modify,
their capabilities are also somewhat limited. Thus, for manuscript 4, we implemented an
extension of the Surgeon capable of handling convolutional layers in addition to plain feed-
forward neural networks. The resulting algorithm was named ‘ECToNAS’ (evolutionary cross-
topology neural architecture search). A key aspect is its ability to independently identify which
type of network topology (i.e. fully connected or convolutional) is best suited for a given task
and dataset.

Introducing new convolutional layers or adding channels to existing ones can again be achieved
using the Net2Net transformations published by Chen et al. 110 . The removal of channels from a
convolutional layer or entire convolutional layers is more complicated however than the removal
of whole or parts of dense layers. For these, we adapted a method for structured pruning119 that
utilises information from batch normalisation layers, which are often paired with convolutional
layers. In order to limit network size, pooling layers are always added after convolutional
layers. ECToNAS therefore uses what we name ‘convolutional cells’, which always consist of a
convolutional, pooling, batch normalisation, and activation layer in this order.

ECToNAS does not rely on deterministic rules to decide which offspring are created per gener-
ation, instead all potential network adaptations are performed. The following survival-of-the-
fittest competition happens in two phases. First, the best competitors per modification type
are identified in individual bracket-style tournaments. These then enter a second tournament
that yields the fittest offspring out of the whole generation. This selection process is illustrated
in Figure 5.10.

Competition phase 1

Competition phase 2 Figure 5.10: Bracket style competitions for the ECToNAS al-
gorithm used in manuscript 4.
Top: In phase 1, one winning candidate is selected per
mutation type.
Bottom left: In phase 2, n overall winners are selected
from phase 1 winners. Here, n = 2. These will form
the next parent generation. Adapted from Figure 2 in
Schiessler et al. 120 .

We handed additional control over ECToNAS’s optimisation behaviour to the user via a tune-
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able hyperparameter that toggles between ‘greedy’ and ‘balanced‘ modes. In the former, the
algorithm greedily tries to maximise network performance, while accepting arbitrarily large
network sizes. In the latter, network parameter count is weighted against network performance
in a manner similar to that of the Surgeon.

5.2.5 ECToNAS experiments

ECToNAS performance was evaluated on several standard imaging benchmark datasets, using
three different starting architectures and two different topology types (simple feed forward vs.
convolutional neural networks). Experiments were repeated multiple times and then averaged
per starting configuration. Straight-forward training of the naive starting topologies for a fixed
amount of epochs served as a baseline for comparison. Additionally, the experiments were
repeated with a deactivated fitness function, where winners for the bracket-style competitions
(c.f. Figure 5.10) where randomly determined. We denoted these runs as random mode.

In greedy mode, ECToNAS consistently outperformed the respective baselines and the results
from random mode. The parameter count of the identified winning topologies increased by a
small to moderate amount. As expected, balanced runs of ECToNAS on average scored worse
than greedy runs by around 5-10 percentage points. Notably, however, the balanced runs nearly
all performed at least as well as the baseline while achieving network compression rates between
80% and 90%. An example of a balanced run of ECToNAS is illustrated in Figure 5.11. Its
performance matches that of the baseline, while parameter count drastically decreases.

Figure 5.11: Example of a single run of the ECToNAS algorithm on the CIFAR-10 dataset87 in
balanced mode in manuscript 4. Left: Comparison with baseline performance and devel-
opment of network parameter count. The final validation accuracy of ECToNAS surpasses
that of the baseline, while the network is compressed to around 7% of its original size.
Right: Annotation of performed modifications. Included as Figure 6 in Schiessler et al. 120 .

Additionally, a use-case was artificially generated that was intended to mimic data of unclear
or mixed types or objective functions. For this, a tabular dataset was adapted and reshaped
to appear as image data. Inexperienced users might be tempted to include one or more con-
volutional layers that are not required, as no structural information is present. Such layers
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may even be detrimental to the network’s performance as overfitting may occur on presumed
correlations within the data that in truth do not exist. In greedy mode, several runs of the
ECToNAS algorithm were indeed able to identify this situation correctly and to remove all
present convolutional cells. This behaviour is depicted in Table 5.1. We take this as proof of
concept that ECToNAS is able to independently perform topology crossings both towards and
away from convolutional neural networks.

Starting topology CNN FFNN
Final topology CNN FFNN Crossing CNN FFNN Crossing
Greedy (α = 1) 70 5 6.7% 0 75 0.0%
Non-greedy (α = 0.5) 75 0 0.0% 67 8 89.3%
Non-greedy (α = 0) 75 0 0.0% 74 1 98.6%

Table 5.1: Counts of resulting topology types per starting topology type and greediness level, as
well as percentage of runs that ended in topology crossing. Included as Table 3 in Schiessler
et al. 120 .

Similar to the Surgeon, ECToNAS is a user-friendly, cost-effective genetic neural architecture
search algorithm. It is able to select suitable network architectures for a given task and dataset,
and can choose and switch between different types of topologies even at runtime.
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Chapter 6

Summary and discussion
Connecting the dots

This thesis was written as a comprehensive guide for both theoretical and applied machine
learning, offering insights into the most relevant practical aspects of the machine learning pro-
cess. I provided a detailed walk-through, and presented various tools and techniques along with
their respective backgrounds and related theories. The demonstrated steps include preparing
datasets, extracting relevant information, choosing well-fitting algorithms along with their hy-
perparameters, and assessing the quality of obtained results. Algorithmically optimising all
the choices and settings related to this process is called AutoML, which constitutes its own
research field.

As the complexity of the tasks increases, so do the demands on applied algorithms. To address
this, I introduced artificial neural networks, the most powerful class of ML algorithms available
today. ANNs are more flexible than classical ML algorithms, and can consist of many different
types of layers and connections. Like human brains, they possess plasticity, allowing them
to incorporate new information once it becomes available with having to re-start the entire
training process. However, optimising neural networks for a specific task and dataset can be a
challenging and time-consuming process. In the context of ANNs, automating the search for
the best configuration is called neural architecture search.

Within this thesis, I presented two use-cases that successfully apply the above methods and
concepts. I detailed an example from theoretical machine learning research, where we devel-
oped two iterations of a genetic neural architecture search algorithm. They were built with the
intent of being very light-weight and user-friendly, and capable of handling limited amounts of
training data. The fundamental idea was to modify existing network architectures by creat-
ing structurally different but functionally equivalent ANNs. These candidates then underwent
training and performance evaluation, allowing the identification of topologies that may over-
come local optima during the training process. The first prototype, named the Surgeon, served
as a proof-of-concept and was validated using several image classification benchmark datasets.
It managed to rescue insufficient topologies, increased network performance, and, in some cases,
compressed network sizes simultaneously. Its successor, ECToNAS, added support for a wider
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range of structural elements and can independently switch between different topology types
at runtime. Both algorithms were designed to aid even inexperienced users, enabling them to
successfully employ deep learning methods in their respective domains.

Furthermore, I discussed an example from material sciences, where machine learning aided
in understanding and controlling the corrosion behaviour of the metal magnesium. Using a
dataset of 60 small organic compounds, we employed feature selection methods to identify the
most relevant molecular attributes. Our findings confirmed previous results based on human
intuition. The selected features served as inputs for training ANNs, predicting corrosion inhi-
bition efficiency with an error margin comparable to experimental measurements. Validation
using previously untested compounds confirmed the robustness and scalability of our approach.

6.1 Outlook

Scientific work is a continuum, and even the best results can always be extended or improved.
This of course holds true for my own work as well. Both the autoencoder approach mentioned in
Section 5.1.3, as well as the validation process detailed in Section 5.1.4, identified regions within
the predictive domain that are challenging to grasp for our magnesium corrosion behaviour
models. Generating additional data from samples that are situated in these specific areas has
the potential to greatly benefit the generalisability of our predictions.

The neural architecture search algorithms from Section 5.2 could, in turn, be extended by
adding support for more diverse layers or more complex types of connections, allowing, for
example, recurrent connections to occur within the network graph. A more dynamic search
strategy could increase efficiency and further decrease overall runtime and computational costs.

Ultimately, I would like to bring both use-cases together and integrate everything into one
solid pipeline. In this ideal scenario, the data preprocessing and feature selection methods
analyse new samples, and if required, update the set of most relevant features. The subsequent
deep learning model is then either re-trained from scratch or simply receives some additional
fine-tuning. Finally, the autoencoder can be used to identify the next areas that could benefit
the most from additional samples. This idea is illustrated in Figure 6.1. Thus, whenever new
data becomes available, integrating this new knowledge at last becomes as simple as clicking a
button.

Figure 6.1: Schematic of a fully automated workflow. Once new data becomes available, they
are automatically used for making predictions, identifying outliers, and running the Surgeon
or ECToNAS to update the predictive model as required.
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S. Moore, D. Murray, C. Olah, M. Schuster, J. Shlens, B. Steiner, I. Sutskever, K. Talwar,
P. Tucker, V. Vanhoucke, V. Vasudevan, F. Viégas, O. Vinyals, P. Warden, M. Watten-
berg, M. Wicke, Y. Yu, and X. Zheng. TensorFlow: Large-Scale Machine Learning on
Heterogeneous Systems, 2015. 10.5281/zenodo.4724125. Software available from tensor-
flow.org.

[71] A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury, G. Chanan, T. Killeen,
Z. Lin, N. Gimelshein, L. Antiga, A. Desmaison, A. Kopf, E. Yang, Z. DeVito,
M. Raison, A. Tejani, S. Chilamkurthy, B. Steiner, L. Fang, J. Bai, and S. Chin-
tala. PyTorch: An Imperative Style, High-Performance Deep Learning Library. In
H. Wallach, H. Larochelle, A. Beygelzimer, F. d'Alché-Buc, E. Fox, and R. Gar-
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a b s t r a c t

With ever increasing computational capacities, neural networks become more and more proficient
at solving complex tasks. However, picking a sufficiently good network topology usually relies on
expert human knowledge. Neural architecture search aims to reduce the extent of expertise that is
needed. Modern architecture search techniques often rely on immense computational power, or apply
trained meta-controllers for decision making. We develop a framework for a genetic algorithm that is
both computationally cheap and makes decisions based on mathematical criteria rather than trained
parameters. It is a hybrid approach that fuses training and topology optimization together into one
process. Structural modifications that are performed include adding or removing layers of neurons,
with some re-training applied to make up for any incurred change in input–output behaviour. Our
ansatz is tested on several benchmark datasets with limited computational overhead compared to
training only the baseline. This algorithm can achieve a significant increase in accuracy (as compared
to a fully trained baseline), rescue insufficient topologies that in their current state are only able to
learn to a limited extent, and dynamically reduce network size without loss in achieved accuracy. On
standard ML datasets, accuracy improvements compared to baseline performance can range from 20%
for well performing starting topologies to more than 40% in case of insufficient baselines, or reduce
network size by almost 15%.

© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

A common problem for any given machine learning task mak-
ing use of artificial neural networks (ANNs) is how to choose
a sufficiently good network topology. Picking one that is too
small may not yield acceptable prediction accuracy. To improve
results, one can keep adding structural elements to the net-
work until the desired accuracy value has been reached. Too
large networks on the other hand may cause an explosion in
computational cost for both training and evaluation. Finding the
optimal balance is heavily dependent on the given task, dataset
and further hyperparameters, and often requires expert domain
knowledge. A priori optimization is not easily possible, since
reliable estimates on network behaviour already require training
results, and no generalization exists which topology will fit which
problem. Researchers have applied a number of search strategies
such as random search (Li & Talwalkar, 2019), Bayesian optimiza-
tion (Kandasamy, Neiswanger, Schneider, Poczos, & Xing, 2018),

∗ Equal contribution.
E-mail addresses: elisabeth.schiessler@hereon.de (E.J. Schiessler),

roland.aydin@hereon.de (R.C. Aydin).

reinforcement learning (Zoph & Le, 2017), and gradient-based
methods (Dong & Yang, 2019; Li, Khodak, Balcan, & Talwalkar,
2021; Liu, Simonyan, & Yang, 2019; Wang, Cheng, Chen, Tang, &
Hsieh, 2021; Xu et al., 2020). Another technique applied since
at least (Miller, Todd, & Hegde, 1989) are so called (neuro-)
evolutionary algorithms. These algorithms serve to evolve the
network architecture, often also training network weights at the
same time (Elsken, Metzen, & Hutter, 2019).

In this paper we propose a novel training regime incorporating
a genetic algorithm that reduces computational cost compared to
state of the art approaches of this kind (Dong & Yang, 2019; Li &
Talwalkar, 2019). We achieve this by re-using network weights
for competing modification candidates instead of retraining each
net from scratch, branching off modification candidates during
training, and letting them compete against each other until a new
main branch is selected. This fuses the evolutionary optimization
paradigm with the ANN training into an integrated framework
that folds both processes into a single training/topology opti-
mization hybrid. As such, evolutionary steps are not carried out
by a meta-controller or other black-box-like implementations,
but instead make use of mathematical tools such as singular
value decomposition (SVD) and the Bayesian information crite-
rion (BIC) (Schwarz, 1978) for network weight analysis, decision

https://doi.org/10.1016/j.neunet.2021.08.034
0893-6080/© 2021 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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making, and structural modifications. Network modifications are
performed by adapting existing weights such as to incur minimal
changes to input–output behaviour.

Our framework for a combined ANN training and neural ar-
chitecture search consists of three main components: a module
that can perform a number of minimally invasive network op-
erations (‘‘surgeries’’), a module that analyses network weights
and can give recommendations which modifications are most
likely to increase (validation) accuracy, and finally a module that
serves as a genetic algorithm (the ‘‘Surgeon’’), containing the
former two while gradually evolving any given starting network.
With the Surgeon, we are able to evolve and improve models
for several benchmark datasets and varying starting topologies.
We achieve particularly good results on starting topologies that
would a posteriori have proven to be suboptimal. A great benefit
of our approach is that it adds topology optimization to ML
training while incurring very limited additional computational
costs. Convergence is reached for all test cases within a few hours.

The supporting code can be accessed via https://github.com/
ElisabethJS/neural-network-surgery.

This paper contributes a computationally cheap ansatz for a
genetic neural architecture search algorithm that makes evolu-
tionary decisions based on mathematical analysis.

2. Related work

Neural architecture search (NAS) has been an increasingly
popular research topic for many years (Elsken et al., 2019), start-
ing as early as Miller et al. (1989), who presented one of the
earliest neuro-evolutionary algorithms to search for suitable net-
work topologies. Recent approaches by Dong and Yang (2019), Li
and Talwalkar (2019), and Zoph and Le (2017) reach competitive
performance on benchmark datasets such as CIFAR-10. However,
this often comes at the cost of vast computational resources,
with Zoph and Le (2017) making use of up to 800 GPUs for several
weeks.

Cai, Chen, Zhang, Yu, and Wang (2018) attempt to reduce com-
putational costs by re-using network weights, as well as train-
ing and applying a reinforcement meta-controller for structural
decisions. They make use of a number of function-preserving
transformations (net2net) introduced by Chen, Goodfellow, and
Shlens (2016), and extend them to allow also non-sequential net-
work structures, such as DenseNet (Huang, Liu, van der Maaten,
& Weinberger, 2017). DiMattina and Zhang (2010) introduce and
rigorously prove conditions, under which gradual changes of the
parametrization of a neural network are possible, while keeping
the input–output behaviour constant.

İrsoy and Alpaydın (2020) learn the network structure via so-
called ‘‘budding perceptrons’’, in which an extra parameter is
learned for each layer, that indicates whether or not any given
node needs to branch out again or be removed altogether. Their
method focuses on growing the network to the required size
from a minimal starting topology. Frankle and Carbin (2019)
present a method to identify particularly good network initial-
izations that can train sparse networks to competitive accuracy.
Another approach in NAS is to prune down from a larger start-
ing topology (Blalock, Gonzalez Ortiz, Frankle, & Guttag, 2020).
Popular pruning techniques include applying SVD to existing net-
work weights (Denton, Zaremba, Bruna, LeCun, & Fergus, 2014;
Girshick, 2015; Xue, Li, & Gong, 2013).

There are also a number of neural architecture search strate-
gies that do not depend on manual network modifications. Liu
et al. (2019) introduced DARTS, a method for differential architec-
ture search that re-formulates the task of searching for network
architectures as a graph optimization problem, where all possible
network configurations are represented as nodes on a directed

acyclic graph. This technique has rapidly become very popular
and has seen a great number of extensions in various directions,
such as Dong and Yang (2019), Li et al. (2021), Wang et al. (2021)
and Xu et al. (2020). The downside of the DARTS based algorithms
is that all possible network variations are predefined in advance
and cannot be adapted during training based on the network
state. Additionally, since all nodes of a certain hierarchy level
need to be interchangeable or even skippable, the connections
between network blocks are highly restricted with regard to
network structure.

The novelty of our research lies in combining existing tools
such as net2net (Chen et al., 2016) and SVD with a genetic algo-
rithm that modifies the given network in a decision based process
instead of utilizing a black-box like decision module, while re-
taining a very high level of structural freedom. We repeatedly
generate functionally equivalent but structurally different net-
works that are then trained for a short number of epochs, after
which their performance is compared and the best candidates
are retained. Ultimately this yields a fully trained neural network
with an optimized topology. To our best knowledge no such
method has yet been proposed.

3. Methods

This work introduces and utilizes three main modules:

• modification module: performs network modifications
(‘‘surgeries’’) so as to incur minimal changes to input–output
behaviour.
• recommendation module: analyses network weights and

gives recommendations on which operations are most likely
to improve network accuracy.
• ‘‘the Surgeon’’: a genetic algorithm that links the above two

modules, and gradually evolves a given starting network.

3.1. The modification module

We want to be able to carry out a number of different modifi-
cations that can restructure network architecture while keeping
the input–output behaviour intact, and in particular avoid loss of
prediction quality. In cases where this is not possible we aim for
minimal impact changes instead. This yields network variations
that are structurally different but functionally equivalent.

In mathematical terms, let the output of a dense layer be given
by

f (x) = Φ(A · x+ b), (1)

with activation function Φ , weight matrix A and bias vector
b, as well as an arbitrary input x to that layer. We perform
four different types of modifications, namely adding or removing
neurons or whole layers. In particular, we are looking for f̃ (x) such
that

f̃ (x) ≡ f (x) ∀x, but f̃ ̸= f . (2)

Activation functions used in neural networks are usually non-
linear, or piecewise linear at best. Thus changing the activation
function will in general not produce equal results for arbitrary in-
put values. Finding modifications that still suffice Eq. (2) is there-
fore synonymous to adequately adapting the affected network
weight matrices and bias vectors.

Adding layers. Under (at least) piecewise linear activation
functions such as ReLu, one can always add neurons to a hidden
layer, or even add whole layers, without any change to the overall
network behaviour (Chen et al., 2016). Adding a whole layer is
done by using an identity matrix as a new weight matrix for this
inserted layer. In particular, the added layer will have the same
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number n of neurons as the following layer. We initialize the
weights as an identity matrix I ∈ Rn. Let Φ denote the activation
function of a dense layer and x an arbitrary input, then

Φ(x) = Φ(IΦ(x)) (3)

if and only if Φ is at least piecewise linear. In particular, for
ReLu activation, adding layers without changing the input–output
behaviour is possible.

Adding neurons. For adding neurons to an existing layer,
consider the following example. Let x ∈ Rn be the input to a
layer with weights A ∈ Rm×n, and B ∈ Rk×m the next layer’s
weights, and let the layer’s bias vector be zero w.l.o.g. Assume
the activation function Φ acting between the two layers to be an
identity mapping. Then the output y ∈ Rk is given by

y = B ·Φ(Ax) = B · (Ax). (4)

In particular, the jth entry of y is

yj = (bj1, bj2, . . . , bjm) ·

⎡⎢⎢⎣
∑n

i=1 xia1i∑n
i=1 xia2i

...∑n
i=1 xiami

⎤⎥⎥⎦ (5)

= bj1
n∑

i=1

xia1i + · · · + bjm
n∑

i=1

xia1m, (6)

where aij is the ij element ofA, and bij the ij element of B. We now
arbitrarily pick unit m and duplicate its incoming and outgoing
weights. Note that we also have to divide by 2 in order to keep
the total sum constant.

yj = bj1
n∑

i=1

xia1i + · · · +
bjm
2

n∑
i=1

xia1m +
bjm
2

n∑
i=1

xia1m (7)

= (bj1, bj2, . . . ,
bjm
2

,
bjm
2

) ·

⎡⎢⎢⎢⎢⎣
∑n

i=1 xia1i∑n
i=1 xia2i

...∑n
i=1 xiami∑n
i=1 xiami

⎤⎥⎥⎥⎥⎦ (8)

This methods yields the exact same output y ∈ Rk given input
x ∈ Rn, but the weight matrices A and B are now of dimension
(m + 1, n) and (k,m + 1) respectively, and can be extended to
include a non-zero bias term in a similar fashion.

Recall now that we chose the activation Φ to be the identity
mapping. For any other activation function, the equation in line
(7) holds true, if and only if this activation is at least piecewise
linear.

Chen et al. (2016) base their Net2WiderNet and Net2Deeper-
Net transformation on these steps.

Removing neurons. Removing neurons from a layer is rarely
possible without changing the input–output behaviour unless
some of the units are degenerate to begin with, i.e. the weight
matrix is of reduced rank. For a modification with minimal impact
on input–output behaviour we need the closest possible projec-
tion onto a lower rank subspace. As a measure for closeness we
employ the Frobenius norm, defined as follows.

Let ∥ · ∥F denote the Frobenius norm, with

∥A∥2F =
m∑
i=1

n∑
j=1

|aij|2 = trace(ATA), (9)

where A ∈ Rm×n is an arbitrary, real-valued matrix of rank
k ≤ min(m, n).

The Eckart–Young(–Mirsky) theorem states that the closest
projection onto a lower rank subspace can be found by applying
Singular Value Decomposition (SVD) to the weight matrix:

Let A ∈ Rm×n be the (weight) matrix of some layer Lj of
interest in a neural network, then there exists a representation

A = UΣVT (10)

with orthogonal U ∈ Rm×m,V ∈ Rn×n and rectangular diagonal
Σ ∈ Rm×n with k ≤ min(m, n) non-negative real entries σi
along its diagonal. This representation is called the Singular Value
Decomposition of A. The σi are called singular values of A, and are
usually given in descending order, i.e. σ1 ≥ σ2 ≥ · · · ≥ σk > 0. It
can be shown that ∥A∥2F =

∑
σ 2
i (A), since σi(A) corresponds to

the square root of the ith non-zero eigenvalue of ATA. Note that
U and V are projections from the (m × n) vector space spanned
by A to the (k× k) vector space spanned by Σ and back.

In order to reduce the rank of A to r < k, we set σi = 0 ∀i > r ,
and drop associated columns/rows of U and V , which is feasible
since by definition σi ≥ σi+1. We then project to a smaller matrix
Ã ∈ Rm×r by computing UΣ . In order to properly re-connect the
reduced layer Lj to the following layer Lj+1, we have to modify
Lj+1’s weight matrix to accept input of length r . In particular, we
need to project back to the original layer size, to ensure that the
layer weight shapes match again. We achieve this by multiplying
from the left the weight matrix of Lj+1 with VT .

Projecting onto a lower rank subspace by setting singular
values to zero is sometimes called truncated SVD, and is used in
network pruning (Denton et al., 2014; Girshick, 2015; Xue et al.,
2013). This technique adds an intermediate layer of (potentially
much fewer) neurons, which in case of very large weight matrices
can drastically reduce the overall connection count.

Note that this projection method is not concerned at all with
a potential activation function after the network’s modified layer.
As mentioned previously, changing a layer’s activation function
is in general not possible without changes to input/output be-
haviour, since activation functions are usually non-linear. We
therefore do not perform any additional modifications to coun-
terbalance a change of activation.

Removing layers. We remove whole layers in a similar fash-
ion. Let Aj, bj be the weight matrix and bias vector of some dense
Layer Lj, and Aj+1, bj+1 those of the subsequent Layer Lj+1. We
remove the Layer Lj by simply dropping it, and modify Lj+1’s
weights by matrix multiplication, yielding L̃j+1

Ãj+1 = Aj · Aj+1, (11)

b̃j+1 = bj · Aj+1 + bj+1. (12)

This again ignores any activation function between the two layers,
and will thus cause a change in input–output behaviour.

Recuperation from surgery. As we have seen, network mod-
ifications will in general cause a small change in input–output
behaviour, typically leading to a loss in prediction accuracy. In
order to make up for this, all network modifications are given
a small amount of recuperative training (several batches) before
any comparison is made. The retraining amount was determined
by trials and statistical analysis based on a dataset1 which we do
not otherwise use in our results, to avoid overfitting the search
algorithm to a specific dataset.

3.2. The recommendation module

For the decision when to execute which network modification,
we perform a two-step analysis.

Analytical criterion for model selection. As a first order
criterion, we compute the amount of information carried by each
neuron by looking at the layer’s singular values. The number of

1 MNIST, LeCun, Bottou, Bengio, and Haffner (1998).
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neurons that may be removed from a layer depends on the count
of singular values that are (close to) zero, or are several orders of
magnitude smaller than the layer’s largest singular value:

nr = {σi, i = 1 . . . k | σi < ϵ1σ1 ∨ σi < ϵ2, ϵ1, ϵ2 ∈ R+} (13)

This number is compared to the layer’s total neuron count nl. Let
h be the number of hidden layers in the network, and i be the
index of the layer in which the modification was performed. Then
each modification candidate is given a score between 0 and 1,
calculated as follows:

• add neurons: 1− nr/nl
• add layer: (1− nr/nt ) · i/h
• remove neurons: nr/nl
• remove layer: 1, if nr = nl, otherwise (nr/nl) · i/h

In particular, the higher the layer number, the more likely a layer
is added or removed. For further refinement in the future, we
aim to replace this selection criterion with a more sophisticated
formula, which would improve the optimization process beyond
the results presented herein.

Statistical criterion for model selection. The second order
decision basis is derived from the Bayesian information criterion
(BIC), also known as Schwarz information criterion. It was derived
by Schwarz (1978) to address the problem of selecting between
(statistical) models of different dimension. It takes into account
the number of parameters of the given model, the sample size of
the input data, as well as the a-posteriori model error computed
from a likelihood function of the model given its parameters and
input data. Since methods from Bayesian statistics are applied,
it is assumed that the underlying data are independent and
identically distributed from a family of allowed distributions.

The BIC is given by

BIC = ln n · k− 2 · ln L, (14)

where k is the number of model parameters, n the sample size,
and L the likelihood function.

In our application, sample size is constant throughout the
whole process. L needs to be estimated or calculated a-posteriori
after a network operation has been performed. Our modifications
are intended to keep the change in input–output behaviour min-
imal, therefore the difference in L will be very small between any
two modifications. Eq. (14) thus becomes

BIC ≈ c1 · k+ c2 +∆L, (15)

where c1 and c2 are constant and ∆L is the (small) change in
error depending on the performed operation. Since the number
of parameters k may be well above 106 and c1 = ln n ≫ 1 is
dependent on the sample size, we neglect ∆L and the constants,
and directly use k as a second order constraint when deciding
which modifications to apply.

Thus, all potential network modifications are ranked by two
parameters. The Surgeon has two modes: it can either pick the
top n ranking operations per decision step (with n being a tunable
hyperparameter), or select the highest ranking operation of each
type. Our experiments are performed with the latter option.

3.3. ‘‘The Surgeon’’: A genetic algorithm for neural architecture
search

The final module is the Surgeon, the genetic algorithm that
searches for an optimized network architecture while training
network weights at the same time. We use the term genetic algo-
rithm to describe a searching meta heuristic inspired by biological
processes such as evolution, mutation, and selection. In this first
paper about our new ansatz, we limit our focus on perhaps

the most ubiquitous type of architecture: sequential networks
(i.e. without recurrent or skip connections) consisting only of fully
connected layers. As Cai et al. (2018) have shown, however, a
number of the above described tools can be generalized easily
also to non-sequential networks, as well as convolutional layers.

The rough idea behind the Surgeon is to alternate training
and network optimization phases. Several competing topologies,
called branches, may be retained concurrently. During the op-
timization phase, modification candidates are created for each
such branch. From these, the n best performing ones are kept
and put through another training step. One such training and
optimization cycle is depicted in Fig. 1.

Algorithm 1 The Surgeon

function PerformSurgery(m)
input: model m
output: optimized network mopt

initial modification m0 ← initialized from model m
train m0 for initial number of epochs
list of current branches B← initialized with modif. m0
while termination criteria not met do ▷ e.g. max. epochs

list of potential modification candidates Mcand ← ∅
list of chosen modification candidates Msel ← ∅
for each branch in current branches B do

determine possible modification candidates
add candidates to Mcand

repeat
Msel ← chosen from Mcand ▷ e.g. 7 competitors
re-train Msel for small no. of batches ▷ e.g. 15 batches
compare Msel
keep n top scoring as new current branches
update current branches B ▷ e.g. best 2 branches
train B to full epoch step ▷ e.g. 10 epochs

until improvement achieved or max re-tries reached
select final best scoring branch mopt from B
return fully trained optimized network mopt

The overall structure of the Surgeon can be seen in algo-
rithm 1. First, the provided model is pre-trained for an initial
number of epochs, then the list of current branches is initialized
with it. The choice of how many branches at most are being
kept concurrently is a hyperparameter setting, and has a great
influence on the total computational cost of the Surgeon.

We then evolve and continuously update the list of concurrent
branches until termination criteria, such as the maximal number
of epochs (if limited by computational resources) or a minimum
accuracy threshold (if the topology optimization is used without
a computational resource bottleneck), are met. At each decision
point, the recommendation module analyses all networks in the
list of current branches, and ranks all potential modifications.
From these, in line 15 of algorithm 1, we select the most promis-
ing candidates, and perform the selected operations using the
modification module.

The generated candidates are re-trained for several batches,
to make up for lost performance. Our main objective function is
to maximize the accuracy achieved by any given neural network
through continuous network surgery. It is therefore sensible to
retain those network candidates in algorithm 1, line 19 that reach
the highest validation accuracy score. Note that we are scoring on
validation accuracy instead of accuracy to avoid overfitting.

Focusing on accuracy alone is a greedy approach and carries
the risk of getting stuck in local optima. We overcome this by ad-
ditionally rewarding modification candidates that show a greater
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Fig. 1. Graphical representation of the Surgeon. Each cycle starts with a training phase, where all current branches are trained for a fixed number of epochs. Then
the modification module generates new candidates for each branch based on the results provided by the analysis module. These candidates receive an appropriate
amount of recuperative training, after which the winners are selected out of the set of all candidates, thus forming the new current branches. Network graphs created
using LeNail (2019).

accuracy gain. However we need to make a distinction when
rewarding this gain. We share Cai et al. (2018)’s rationale that
an increase of 1% needs to be weighed higher in case it happens
from 90 to 91% accuracy rather than 70 to 71%. At the same time,
if an operation keeps the accuracy constant at e.g. 95% we can
assume that a local optimum may have been reached. Therefore
an operation that leads to an accuracy increase from 90% to 94%,
showing potential for further improvement, should be regarded
higher even though the reached accuracy is lower. Lastly we do
not wish to neglect network size. A 1% accuracy increase might
never be favourable at all, if the required increase in network size
is ‘‘too big’’.

Note that it is hard to define when a network has indeed
become ‘‘too big’’, a fact that is emphasized by the large number
of publications dealing with pruning techniques (Blalock et al.,
2020).

We need to find a way to balance these three components
(accuracy, accuracy gain, network size), and to create a com-
posite score by which we can rank the performance of current
branches. As an additional restriction, the composite score should
not depend on any global candidate statistics, nor do we want
to set a global limit for network size. Therefore we cannot in
any meaningful way regard the total number of parameters of a
modification candidate, since we lack overall comparison. Instead,
for each candidate, we store the network size as a fraction of the
candidate’s parent’s network size. Thus, a network size fraction
greater than 1 indicates growth, a fraction smaller than 1 indi-
cates shrinking, and the identity operation yields a size fraction
of exactly 1.

We want the scoring function as well as its first order deriva-
tive to be strictly increasing with accuracy gain, but decreasing
with size fraction. This behaviour needs to hold even when ac-
curacy gain becomes 0 or network size fraction becomes 1. The

Table 1
Scoring example. A denotes accuracy, AG accuracy gain, PF parameter fraction
and S the calculated score. The layer number is given in reference to the
hidden layers. Winning operations, that are kept as new concurrent branches,
are indicated with an asterisk.
Operation Position A AG PF S

Remove layer* Layer 5 0.6023 0.0274 0.9977 0.9812
Identity* – 0.6016 0.0268 1.0000 0.9795
Remove 1 Neuron Layer 5 0.5829 0.0081 0.9997 0.9539
Add layer Before layer 4 0.5773 0.0025 1.0030 0.9450
Add 20 Neurons Layer 2 0.5678 −0.0070 2.6544 0.6377

following scoring function fulfils all specified requirements:

s = a+
exp (∆a)
exp (∆f )

(16)

where a is the current accuracy, ∆a the current accuracy gain,
and ∆f the current network size fraction, and is adapted from Cai
et al. (2018). A scoring example can be seen in Table 1.

As an option to alleviate greediness, the Surgeon can keep a
one cycle memory. In this case, the newly selected concurrent
branches are compared to previously best scoring ones, and re-
tained only if their achieved accuracy is at least as good as the
previous value. Should this not be the case, they are discarded and
we backtrack one step. New potential candidates are provided by
the recommendation module, and we train and compare these.
Finally the best scoring branch is returned as the optimized
network.
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Table 2
Starting topologies for the Surgeon. Each topology additionally has a reshape
layer as its input layer, as well as a dense layer without activation function as
its output layer. The neuron count in the input and output layers is dependent
on the dataset.
Name Hidden layer count Hidden layer sizes Activation

Small 1 10 ReLu
Medium 3 10 - 10 - 10 ReLu
Large 3 300 - 100 - 100 ReLu

4. Experiments

4.1. Data

We evaluate the performance of the Surgeon on several stan-
dard benchmark datasets (SVHN, CIFAR-10, CIFAR-100, EuroSAT,
EMNIST, Fashion-MNIST), which are described below. The SVHN
dataset was downloaded manually from http://ufldl.stanford.edu/
housenumbers/. The CIFAR-10 dataset was fetched from the
keras.datasets catalogue. All others are fetched from the
tensorflow-datasets catalogue, batched, and shuffled. As an
additional preprocessing step, we normalize the data to be within
the range [0, 1].

We pick three starting topologies that are described in Table 2,
and perform several runs of the Surgeon on each one. Note that
Table 2 omits the input layer, which is always a reshape layer
that ensures the input data is formatted as a 1-dimensional vector
instead of a multi-dimensional array, as well as the final dense
layer. The Surgeon never adapts these two layers, as they are
inherently determined by the dataset through the shape of the
training data and number of output classes.

The small starting topology is consciously chosen to be insuf-
ficient for most of the regarded datasets, to mimic a case where
a model is unknowingly trained with an inadequate network
architecture. We average our results over several runs and several
random seeds, and compare to results achieved by simply training
the starting topology for the same number of epochs. Detailed
machine properties and hyperparameter settings are listed in
Appendix.

The SVHN dataset. The (Google) Street View House Number
(SVHN) dataset was published by Netzer et al. (2011). It contains
73,257 training, as well as 26,032 validation colour images. We
use the cropped version, where images are of size 32 × 32 pixels,
and fall into 10 classes according to the numbers 0–9. Addition-
ally, 531,131 extra images of lower difficulty are available but not
currently used.

The CIFAR-10 dataset. The Canadian Institute For Advanced
Research (CIFAR)-10 dataset was published by Krizhevsky (2009).
It contains 60,000 32 × 32 pixel colour images that are evenly
divided into 10 classes. 10,000 of the images are set aside for
validation purposes.

The CIFAR-100 dataset. The CIFAR-100 dataset is equivalent
to the CIFAR-10 dataset, except that samples are evenly divided
into 100 classes.

The EuroSAT dataset. The EuroSAT dataset was published
by Helber, Bischke, Dengel, and Borth (2018, 2019). It is based
on Sentinel-2 satellite images consisting of 27000 labelled and
geo-referenced colour images of size 64 × 64 pixels, that belong
to 10 classes. We make use of the RGB version that contains only
the optical red, green and blue frequency bands.

The EMNIST dataset. The EMNIST dataset was published by
Cohen, Afshar, Tapson, and van Schaik (2017). It contains
greyscale handwritten character digits of size 28 × 28 pixels
that are derived from the NIST special database. They depict the
numbers from 0–9 and thus fall into 10 classes. 697,932 training
as well as 116,323 validation samples are provided.

Table 3
Statistics over all baseline and Surgeon runs. We report means and standard
deviations.
Topology Small Medium Large

SVHN
Baseline accuracy 0.20 ± 0.00 0.34 ± 0.12 0.78 ± 0.01
Surgeon accuracy 0.29 ± 0.16 0.58 ± 0.04 0.79 ± 0.01
Rel. accuracy incr. [%] 45.00 70.59 1.28
Param. fraction incr. [%] 16.48 ± 52.0 1.97 ± 7.13 −7.23 ± 32.48

CIFAR-10
Baseline accuracy 0.28 ± 0.01 0.32 ± 0.01 0.49 ± 0.00
Surgeon accuracy 0.34 ± 0.01 0.38 ± 0.06 0.51 ± 0.00
Rel. accuracy incr. [%] 21.43 18.75 4.08
Param. fraction incr. [%] 1.12 ± 2.85 203.87 ± 417.45 2.12 ± 3.13

CIFAR-100
Baseline accuracy 0.12 ± 0.01 0.12 ± 0.01 0.20 ± 0.00
Surgeon accuracy 0.19 ± 0.00 0.14 ± 0.01 0.20 ± 0.00
Rel. accuracy incr. [%] 58.29 17.74 2.89
Param. fraction incr. [%] 865.44 ± 0.00 −0.18 ± 11.94 7.40 ± 27.69

EuroSAT
Baseline accuracy 0.11 ± 0.00 0.24 ± 0.10 0.60 ± 0.02
Surgeon accuracy 0.54 ± 0.05 0.57 ± 0.03 0.66 ± 0.01
Rel. accuracy incr. [%] 383.09 215.00 10.37
Param. fraction incr. [%] −14.31 ± 10.68 −12.87 ± 13.83 3.24 ± 4.15

EMNIST
Baseline accuracy 0.67 ± 0.00 0.63 ± 0.01 0.83 ± 0.00
Surgeon accuracy 0.73 ± 0.00 0.71 ± 0.01 0.85 ± 0.00
Rel. accuracy incr. [%] 8.13 12.10 1.54
Param. fraction incr. [%] 470.44 ± 0.00 16.98 ± 47.30 13.02 ± 9.78

Fashion-MNIST
Baseline accuracy 0.85 ± 0.01 0.85 ± 0.01 0.89 ± 0.00
Surgeon accuracy 0.85 ± 0.00 0.85 ± 0.00 0.89 ± 0.00
Rel. accuracy incr. [%] 0.47 0.65 0.06
Param. fraction incr. [%] −0.36 ± 10.44 −3.83 ± 11.64 24.94 ± 86.73

The Fashion-MNIST dataset. The Fashion-MNIST dataset was
published by Xiao, Rasul, and Vollgraf (2017). It contains greyscale
fashion image data taken from Zalando’s2 article catalogue that
fall into 10 categories. The dataset consists of 60,000 training as
well as 10,000 validation samples of size 28 × 28 pixels.

4.2. Results

We apply the Surgeon to each combination of the above
datasets and starting topologies (cf. Table 2). We do so a total
of 15 times, re-initializing the numpy and tensorflow modules
with a new random seed after every 3 runs, and report average
statistics (cf. Table 3). As a baseline, we train the starting topology
for the same number of epochs with each random seed. Note that
throughout the entire section, unless otherwise stated, we report
achieved validation accuracies rather than training accuracies.

To avoid overfitting on any specific dataset, we fix some hy-
perparameters for training (such as batch size, optimizer, and
learning rate) before starting any runs with the Surgeon (cf.
Appendix). No additional fine tuning is performed on any model.

Overall Surgeon performance. Table 3 and Fig. 2 both show
an overview of average Surgeon performance for all starting
topologies and datasets. We can see that in all cases, the Surgeon
reaches or outperforms the result of the baseline with regard
to validation accuracy. We are able to observe two types of
behaviour. In cases where the baseline accuracy is already high
to begin with, the relative accuracy increase achieved by the
Surgeon is comparatively low. However the Surgeon is often able

2 A fashion company specialized in online commerce.
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Fig. 2. Average performances of the Surgeon (S) compared to the baseline (B) for all three starting topologies (L — large, M — medium, S — small), depicted per
dataset.

Fig. 3. Left: Single run of the Surgeon on the EuroSAT dataset and small starting topology. Right: Evolution of the applied topology during the run. Boxes with
marked the letters I and O designate the input and output layers, the numbers in the remaining boxes indicate the number of neurons in the respective hidden
layers.

to decrease the required amount of network parameters without
loss in accuracy. On the other hand we are able to observe quite
significant improvements in accuracy in cases where the starting
topology is sub optimal. In fact, as can be seen in Fig. 2, there
are cases where the baseline is not learning at all whereas the
Surgeon is able to overcome the initial local minimum.

We will subsequently highlight a few interesting cases.
Topology rescue. We recall that the small starting topology,

consisting of only one hidden layer with 10 neurons, was pur-
posefully chosen to be insufficient for convergence. In fact, as we
can see in Fig. 2, the small topology baseline learns for neither
SVHN, CIFAR-10, nor EuroSAT. The Surgeon on average manages
to improve the topology and learn at least a little, even reaching
a validation accuracy above 50% in case of the EuroSAT dataset. In
case of the SVHN dataset, the global average over all runs contains

several instances where even with the aid of the Surgeon, the
model is not able to learn at all and stays stuck in the initial state,
as well as a number of runs where the Surgeon is able to very
quickly leave this local sink and then in fact provides a model
that learns very well.

In Fig. 3 (left), we can see a single run of the Surgeon using
the EuroSAT dataset and small starting topology, where an early
Add Layer operation allows the network to train properly. The
total parameter increase in this case is less than 1%, with the Sur-
geon preferring to add several small layers rather than widening
existing layers. Note that due to the shape of our training data
and choice of starting topology, a large portion of the network’s
parameters is required to connect the input layer to the first
hidden layer. Adding a whole layer after the first 10-unit layer
causes only a small overall increase, whereas widening the first
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Fig. 4. Left: Single run of the CIFAR-10 dataset and large starting topology. The Surgeon manages to overcome the local optimum at around epoch 30. Right: Single
run of the Surgeon on the Fashion-MNIST dataset and large starting topology. The Surgeon is able to reduce the total parameter count by around 14% while still
reaching the same overall validation accuracy.

hidden layer might cause a greater increment in parameter count.
Fig. 3 (right) shows the evolution of the topology over the course
of the run.

Accuracy increase. The Surgeon is able to detect and improve
sub-optimally sized network architectures. This works in cases
such as above (cf. Fig. 3 left), where it is very obvious that little
to no learning happens, but also in less apparent ones, where the
base topology does learn to a certain extent. In Fig. 4 (left) we can
see a single run of the Surgeon trained on CIFAR-10 where both
the large starting topology as well as the Surgeon start learning in
a similar fashion and soon reach a plateau. After a while however,
the Surgeon is able to perform an Add Layer operation that allows
the topology to overcome the local optimum which had been
reached.

Parameter reduction. As mentioned previously, using the
large topology as a starting point for the Surgeon does not im-
prove achieved accuracy by any large margin (cf. Table 3). In Fig. 4
(right) we can see a single run of the Surgeon on the Fashion-
MNIST dataset using the large starting topology. The baseline
in this case is already performing quite well given that we are
regarding a very basic network architecture. In this case we can
observe pruning by the Surgeon, such that an early Remove Layer
operation allows parameter reduction of almost 15%.

For the large starting topology, the composite scoring func-
tion given in Eq. (16) prevents any big jumps in accuracy since
they would most likely come at the cost of a (potentially rather
large) increase in network size. The scoring function much rather
prefers network operations that keep the accuracy more or less
constant while reducing network size.

Computational costs. In our trials the Surgeon is configured
to produce a resulting topology that has been trained for exactly
100 epochs, with decision points every 10 epochs. We allow for
a maximum of two concurrent branches, as well as re-drawing
from potential branches up to two times, cf. Appendix. On aver-
age, 0.56 re-draws are necessary per decision step, resulting in an
average total training amount of around 290 epochs per run of the
Surgeon. The additional overhead produced by the analysis and
modification modules mostly relies on matrix calculations and
manipulations, which are highly optimized by standard python
modules such as numpy, and thus cause only negligible additional
computation time. In particular, making use of large GPU clusters
is not a necessary requirement for running the Surgeon. For
verification purposes and in order to ensure scalability of our
code we ran our experiments both on a standard office computer
without making use of any GPU acceleration, as well as a GPU
cluster (cf. Appendix for detailed hardware specifications).

We can see from Fig. 2 that 100 epochs in most cases seem
to be longer than is necessary for the Surgeon to reach con-
vergence. With appropriate early stopping techniques, and/or a
more dynamic training schedule, the total training amount for the
Surgeon could be considerably reduced, and the resulting model
(including its trained weights) used either as is, or further fine
tuned (cf. Fig. 5).

Fig. 5. Example of a topology evolution performed by the Surgeon on the SVHN
dataset and medium starting topology. Early on, reducing the network size helps
to increase the accuracy level (at epochs 10 and 30). Adding a whole layer in
epoch 50 is still able to achieve some increase in accuracy. From epoch 60 on
the network oscillates between very similar states. Ideally this behaviour can be
used as an indicator for early stopping in future versions of the Surgeon.

5. Discussion and outlook

In this paper, we presented the Surgeon, a ANN/evolutionary
algorithm hybrid optimization designed for neural architecture
search. The algorithm utilizes a modification module, that is
able to perform minimally invasive network surgeries, where
the topology of the network is modified with as little change to
overall input–output-behaviour as possible. Additionally, it uses
a recommendation module, that analyses a given neural network
and indicates which structural changes may be most beneficial.
Those changes can be either increases of network width or depth
in case of high information density, or respective decreases, in
case network size can be reduced without fear of too high an
accuracy loss. Both modules do not utilize any black box be-
haviour but are based on mathematical tools, which we presented
in Section 3.

We put the Surgeon to the test on several combinations of
starting topologies and datasets. We saw that the network gen-
erated by the Surgeon is able to outperform the baseline in
case of suboptimal topologies, or reach comparable accuracies
while pruning the underlying network structure to less resource-
intensive topologies.

A very important feature of the Surgeon is that it itself is
computationally cheap, with little overhead compared to simple
baseline training. Via hyperparametre settings, it is possible to
make use of larger computational power if required/available.
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5.1. Limitations of this work and future goals

For this proof of concept work, we limited ourselves to the
most basic and ubiquitous network structures — dense layers
linked strictly in sequence. While such neural networks are best
studied and easiest to understand and manipulate from a math-
ematical perspective, there are some draw backs.

Fully connected neural networks require a fixed input shape,
thus they are not suited for a variety of classical deep learning
tasks such as natural language processing (NLP) or image detec-
tion. Large tabular datasets often contain ordinal or categorical
variables which are not well suited for deep learning tasks as
gradient calculation becomes somewhat ill-defined. In particular,
we are mostly limited to making use of image classification
benchmark sets. For these, state of the art is driven by large,
computationally expensive algorithms that allow more complex
topological elements such as convolutional or recurrent layers,
skip connections, etc., see for example Liu et al. (2019), Xu et al.
(2020) and Zoph and Le (2017). In general, few benchmark re-
sults exist for fully connected neural networks trained on these
datasets.

For future work we wish to extend and improve both the Sur-
geon as well as the underlying modules. Currently, the Surgeon
follows a static routine, with hyperparameters such as epochs
steps, number of selected candidates, or number of concurrent
branches staying constant throughout the whole process. This
could be changed to a more dynamic approach, and could maybe
integrate further features such as adaptive learning rates, or a
more sophisticated memory, as well as early stopping mecha-
nisms to improve performance gains compared to baseline train-
ing even further. The recommendation module can be improved
by finding a closer approximation for the BIC. For larger starting
topologies, the scoring function given in Eq. (16) seems to be
chosen too restrictively. The balancing between the different
components can be adapted to allow for more drastic additions
even when the network is already quite large to begin with.

Lastly we want to expand the modification module to allow
more complex topologies as well, and include an option to cross
architecture types. This would allow us to include e.g. convolu-
tional or recurrent elements, change a network from one type to
another, or even freely mix and match as required.
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Appendix. Hyperparameter settings and machine specifica-
tions

Simulations for the SVHN and CIFAR-10 datasets were per-
formed on a Windows 10 machine with an Intel(R) Core(TM)
i7-9700K CPU 3.6 GHz processor and 64,0 GB RAM. The code was
implemented in python 3.7.7 using tensorflow 2.1.0.

Simulations for the CIFAR-100, EuroSAT, EMNIST, and Fashion-
MNIST datasets were performed on a virtual machine running on
a 24-core 2.1 GHz Intel Xeon Scalable Platinum 8160 processor,
which is equipped with a Tesla V100 GPU card with 16 GB
memory. The code for these datasets was ported to python 3.8.2
using tensorflow 2.3.0 and tensorflow-datasets 4.1.0.

We chose the following hyperparameters:
The modification module.

• Amount of re-training per modification type:

– Identity: 1 · re-training batches
– Add Neuron: 1 · re-training batches
– Add Layer: 10 · re-training batches
– Remove Neuron: 10 · re-training batches
– Remove Layer: 10 · re-training batches
– Truncated SVD: 1 · re-training batches

The recommendation module.

• Absolute singular value threshold: ϵ2 = 0.3
• Relative singular value threshold: ϵ1 = 0.005
• Recommendation style: best scoring per modification type
• Include additional random draw: True

The Surgeon.

• Training time for winning branch: 100 Epochs
• Initial pre-training: 10 Epochs
• Interval between decision points: 10 Epochs
• Concurrent branches: 2
• Maximum re-draws per decision step: 2
• Number of batches for re-training: 25 batches

The testing setup.

• Random seeds: 6, 63, 72, 77, 97
• Loss function: Sparse categorical crossentropy
• Optimizer: SGD

– learning rate: 0.005

• Metrics: accuracy
• Batch size: 16
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Predicting the inhibition efficiencies of magnesium dissolution
modulators using sparse machine learning models
Elisabeth J. Schiessler 1, Tim Würger 2,3, Sviatlana V. Lamaka2, Robert H. Meißner 2,3, Christian J. Cyron1,4,
Mikhail L. Zheludkevich2,5, Christian Feiler 2✉ and Roland C. Aydin1✉

The degradation behaviour of magnesium and its alloys can be tuned by small organic molecules. However, an automatic
identification of effective organic additives within the vast chemical space of potential compounds needs sophisticated tools.
Herein, we propose two systematic approaches of sparse feature selection for identifying molecular descriptors that are most
relevant for the corrosion inhibition efficiency of chemical compounds. One is based on the classical statistical tool of analysis of
variance, the other one based on random forests. We demonstrate how both can—when combined with deep neural networks—
help to predict the corrosion inhibition efficiencies of chemical compounds for the magnesium alloy ZE41. In particular, we
demonstrate that this framework outperforms predictions relying on a random selection of molecular descriptors. Finally, we point
out how autoencoders could be used in the future to enable even more accurate automated predictions of corrosion inhibition
efficiencies.

npj Computational Materials           (2021) 7:193 ; https://doi.org/10.1038/s41524-021-00658-7

INTRODUCTION
Magnesium (Mg) is among the most abundant elements on our
planet1 and exhibits a high potential to revolutionize light metal
engineering in a large number of application fields. Key to
unlocking the full potential of Mg is to control the surface
reactivity characteristics of the material due to the relatively high
electrochemical reactivity of Mg, where each application field
imposes unique challenges. Corrosion needs to be prevented in
transport applications2–4 (e.g., aeronautics and automotive) to
ensure the integrity of the material. Medical applications (e.g.,
temporary, biodegradable bone implants)5,6 require a degradation
rate tailored to a patient-specific injury to support recovery.
Batteries with a Mg anode7,8 need a steady dissolution rate to
keep the output voltage constant. Fortunately, small organic
molecules exhibit great potential to control corrosion in these
highly versatile application areas—due to their almost unlimited
chemical space. Each service environment fundamentally changes
the boundary conditions to achieve the above mentioned goals,
as the small organic molecules are usually incorporated in a
complex coating system for transport applications, whereas they
become a solute component of the electrolyte for Mg-air batteries.
Despite impressive progress in the screening of potential

additives by efficient high throughput techniques9–12, experi-
mental approaches alone cannot possibly explore more than a
tiny fraction of the vast space of compounds with potentially
useful properties. However, data-driven computational meth-
ods13–21 can explore large areas of chemical space orders of
magnitude faster, and can thus be exploited to preselect
promising chemicals prior to deep experimental testing. Con-
comitantly, computational techniques22–27 can be utilized to
unravel the underlying chemical mechanisms of corrosion and
its inhibition, which in turn provide additional input features for

predictive quantitative structure-property relationship (QSPR)
models.
Naturally, data-driven methods cannot make reliable predic-

tions for molecules outside the domain of their respective training
data (e.g., for compounds that exhibit functional groups or
elemental species not present in the training set). Hence, the
dataset employed for training has to reflect the complexity of the
relevant chemical environment, and should ideally be a large,
reliable, as well as chemically diverse and balanced database to
enable accurate and robust predictions for a broad range of
materials. However, the versatility of the vast chemical space of
interest is associated with a wide range of different functional
moieties and molecular features, and renders it challenging to
identify meaningful input features to develop predictive models
with a wide applicability. Cheminformatics software packages like
alvaDesc28 and RDKit29 provide a large variety of molecular
descriptors ranging from structural and topological features to
more complex input features like molecular signatures30 and
molecular fingerprints. Furthermore, advances in computing
power and simulation algorithms over the last decades enabled
multiscale simulations (density functional theory calculations,
molecular dynamics simulations, and finite element model-
ing)25,26,31–37, thus providing even more potentially useful
molecular descriptors for the training of data-driven models18,38.
Additional sets of molecular descriptors might be based on
properties of the used material as well as information on the
service environment.
The quality of predictive models substantially depends on the

selected molecular descriptors, as input features with low
relevance to the target property will degrade the model. Especially
the correlation (or its absence) of descriptors derived from
computer simulation with the experimental performance of
corrosion inhibiting agents is controversially discussed15,39–41.
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However, it was demonstrated that they can be highly relevant in
models that combine them with input features derived from
the molecular structure18. Statistical methods such as analysis
of variance (ANOVA) are well established, computationally
cheap tools for the identification of relevant features and
parameters42–45, but may struggle to capture intricate dependen-
cies between variables. This problem can be overcome by
machine learning techniques for sparse feature selection14,46–49.
In this paper, we propose and compare two different sparse

feature selection strategies: statistical analysis using ANOVA
f-tests42–45 and recursive feature elimination based on random
forests47,49–52, using training data for the Mg alloy ZE41. The
training data relate results of density functional theory (DFT)
calculations and molecular descriptors generated by the alvaDesc
cheminformatics software package to known corrosion inhibition
efficiencies of chemical compounds. We demonstrate how our
feature selection strategies can be combined with deep learning
into a sparse, predictive QSPR (quantitative structure-property
relationship) framework. Moreover, we demonstrate how in
this context autoencoders53,54 can be used for contour maps
and anomaly detection.

RESULTS AND DISCUSSION
The software package alvaDesc was utilized to generate a set of
5290 potential input features for our model. The obtained values
were divided into different subcategories, ranging from counts of
simple structural features of molecules to arcane descriptors
derived from chemical graph theory. After removing all molecular
descriptors that exhibited constant values or were essentially zero,
1254 descriptors remained and were augmented by six molecular
descriptors derived from DFT calculations (cf. “Methods” section).
In the resulting set of 1260 molecular descriptors (features), we
searched for those input features with the greatest impact on the
corrosion inhibition responses of 60 small organic molecules on
ZE41 (target). A list of the considered molecules can be found in
Supplementary Table 7, along with their SMILES strings and

experimentally determined inhibition efficiencies. We only used
data of dissolution modulators from our experimental database55

with a molecular weight of less than 250 Da that were employed
at a concentration of 0.05 M.
For sparse feature selection, we applied two different

approaches: The first one was based on individual feature
selection via an f-test based analysis of variance (ANOVA) to
analyse the individual importance of the different molecular
descriptors. The second one was a grouped feature selection
approach utilizing recursive feature elimination with random
forests as the underlying regressor to analyse the importance of n-
tuples of molecular descriptors. For a detailed description of the
applied methods, cf. “Methods” section. We chose to look for the
top 3, 5, and 63 (equivalent to 5%) most relevant features
respectively, and repeated each approach multiple times to
overcome any bias induced by specific random seeds. To evaluate
and compare the selection methods, as well as the predictive
power of the selected features, we trained several deep learning
models using the identified molecular descriptors as respective
sole inputs. As an additional baseline for comparison we used
models trained on randomly selected features, as well as a model
trained on the full dataset.
All analyses and trainings were performed with a reduced

dataset, where a randomly chosen 10% of samples (i.e., six
samples, cf. Table 3) were withheld and subsequently served as a
representative example of completely unknown validation
data. Furthermore, a full 10-fold cross validation was performed
on all deep learning models. An overview of the workflow is
depicted in Fig. 1.

Individual feature selection
First, we utilized an f-test based ANOVA algorithm to rank each
molecular descriptor according to its individual significance for
predicting the inhibition efficiencies of ZE41 via its f-score.
Features may be deemed significant if their score is ≫1.

Fig. 1 Workflow overview. Our overarching objective is the prediction of the magnesium corrosion inhibition efficiency of different
molecular dissolution modulators. To this end, first relevant molecular features are selected either by (approach I) analysis of variance (ANOVA)
or by (approach II) recursive feature elimination based on random forests (RFE), a type of machine learning. The best-performing feature set
defines the input for a deep learning model. This model allows the desired predictions of quantitative structure-property relationships (QSPR)
for the efficiency of magnesium dissolution modulators, in our study specifically for the magnesium alloy ZE41.
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One can define the n top scoring molecular descriptors by simply
ranking them via their f-score.
In our study we observed f-scores in the range from 0 to 21.92,

with the vast majority of features (≈92%) scoring below 5, cf. Fig.
2a. Selecting the top 3, 5, or 63 (i.e., 5%) features translates to f-
score thresholds of 19.7, 16.1, and 6.3, respectively (corresponding
to p-value thresholds of 0.00004, 0.00019, and 0.0155 respec-
tively). The top five identified descriptors are CATS2D_03_AP,
CATS3D_03_AP, CATS3D_02_AP, LUMO/eV, and P_VSA_MR_5 (in
descending order of relevance), for the set of top 63 descriptors cf.
Supplementary Table 2.
In particular, one of the included DFT-derived input features, the

lowest unoccupied molecular orbital energy levels (LUMO), was
identified as one the most relevant descriptors. Three of the five
most relevant input features belong to the class of CATS
descriptors56,57, which are linked to properties of potential
pharmacophores and are related to the discovery of novel drugs,
since they indicate whether a ligand is likely to bind to a receptor
site of a biological macromolecule58. They also seem to encode
structural information on functional moieties that are capable of
forming coordinative bonds with ions of interest, rendering them
highly relevant for the development of our model, as the
inhibition efficiency of the small organic molecules is strongly
dependent on their capability to form complexes with Mg2+ and
Fe2+/3+. The P_VSA class is comprised of 2D descriptors that
reflect the sum of atomic contributions to the van-der-Waals
surface area59. The P_VSA descriptor identified by the ANOVA
approach is related to the polarizability of the chemicals in our
data set.

Grouped feature selection
As the interplay and correlations between parameters can have a
significant impact on the quality of the prediction, it may not be
sufficient to merely select the individually most predictive features
and use them as the combined input for a predictive model47.
Therefore, we additionally identified the 3-tuples, 5-tuples and 63-
tuples of grouped most relevant features via recursive feature
elimination (RFE) using random forests. We performed 100 runs of
RFE with varying random seeds, where a random forest consisting
of 100 trees was trained in each run. Subsequently, the n-tuples
that won most often were selected to be the most relevant
grouped features with LUMO, P_VSA_MR_5, Mor04m (selected in
83/100 runs) for the 3-tuples and LUMO, P_VSA_MR_5, Mor04m,
E1p, Mor22s (selected in 21/100 runs) for the 5-tuples. It is
noteworthy, that the energy level of the lowest unoccupied
molecular orbital (LUMO) of the compounds in the training set,

which was derived from DFT calculations, was again among the
most relevant features, along with P_VSA_MR_5. Furthermore,
different descriptors belonging to the class of 3D-MoRSE
(Molecular Representation of Structures based on Electron
diffraction) were selected60,61. These are abbreviated as “Mor”
and are a mathematical representation of XRD patterns where the
obtained signals can be weighted by previously discussed
schemes. E1p belongs to the class of WHIM descriptors which
are 3-dimensional descriptors that collect information about size,
shape, symmetry, and atom distribution of the molecule. E1p is
related to the atoms distribution and density around the origin
and along the first principal component axis. The index p indicates
that the selected descriptor is calculated by weighting the atoms
with their polarizability value.
In case of the 63-tuple, no group was found to be inherently

most relevant. We therefore artificially constructed the most
relevant group by a frequency analysis of all features that were
included at least once in any of the RFE runs. Among these 504
features, interestingly only the ones in the top 5-tuple occurred in
every single run. 135 features (≈27%) were identified just once,
and 302 (≈60%) were found to be in at most 5 supports. The top
63 features were included in at least 30% of all runs, cf. Fig. 2b, for
the full list cf. Supplementary Table 3.
This underlines that molecular descriptors derived from

quantum mechanical calculations can be highly relevant input
features for models that predict the corrosion inhibition efficiency
of small organic molecules for Mg alloys. This is in good
agreement with our findings for commercially pure Mg containing
220 ppm iron impurities (CPMg220), where the frontier orbital
energy gaps exhibited moderate correlation with the correspond-
ing inhibition efficiencies18, and could be utilized to obtain a
robust predictive model in combination with structural input
features. The results of others39–41 suggest that his type of
descriptor should be taken with care because its relevance may be
compromised if not combined with structural input features. Yet,
as demonstrated also by our above results, if properly used, it can
be a highly powerful feature for the prediction of corrosion
inhibition efficiency.
To counter potential bias from the choice of the validation set

when selecting the most relevant input features, we performed a
5-fold cross validation, i.e., selecting a different validation set and
repeating the whole feature selection process using RFE described
above independently five times. Due to computational limitations,
we performed this cross-validation only on the grouped 5-tuple of
features, as results obtained from subsequent deep learning
models suggest an optimal trade-off between a low number of
input features and a low computational cost on the one hand and

Fig. 2 Feature distributions. a Distribution of f-scores as calculated by ANOVA. The top 63 features reach a score of 6.3 or higher, with only 11
features scoring 10 or above. b The recursive feature elimination (RFE) identifies a total of 504 features over a series of 100 runs with random
initialization as potential candidates for a top 63-tuple. Selecting among them those identified in at least 30% of the runs (frequency analysis)
can be used to define the most relevant 63 features.
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a high predictive accuracy on the other hand. The initially
identified top performing 5-tuple of molecular descriptors was
confirmed by this cross-validation, along with two other 5-tuples,
all three of which agreeing on four out of five descriptors. The first
of the three identified sets consists of LUMO, P_VSA_MR_5,
Mor04m, E1p, HOMO, the second one of LUMO, P_VSA_MR_5,
Mor04m, E1p, Mor22s and the third one of LUMO, P_VSA_MR_5,
Mor04m, E1p, CATS3D_02_AP.

Predictive models using deep learning techniques
From the ranked list of individually most relevant features
(selected by ANOVA), we used the top 3, 5, and 63 molecular
descriptors to train three deep learning models, from here on
called M3a (tiny model), M5a (small model), M63a (medium
model). We performed a complete 10-fold cross validation, i.e., we
split the dataset into ten equal parts (folds) and subsequently
withheld one fold as a test set, while the rest of the data served as
training set. On each fold, every model was trained 100 times with
varying random seeds to obtain results largely independent on
specific random initializations. Subsequently, we repeated the
same procedure with the top 3, 5, and 63 most relevant molecular
descriptors obtained by grouped feature selection via RFE as input
for the three neural network models M3b (tiny model), M5b (small
model), and M63b (medium model).
Finally, we selected 3, 5, and 63 random molecular descriptors

to train three neural network models M3c (tiny model), M5c (small
model), M63c (medium model) as a reference base line to assess
the quality of the aforementioned models M3a, M3b, M5a, M5b,
M63a, and M63b. The input features for these models were re-
drawn from the set of 1260 available features in each of the 100
training runs.
As an additional baseline we trained a deep neural network

M1260 (large model) which uses all available molecular descrip-
tors as its input. This model can be considered the joint limit case
of the above three feature selection methods ANOVA, RFE, and
random in case that the number of selected features is increased
to its maximal value of 1260.
In Table 1 we report for all the above neural network models

median values (across the ten folds) of four key statistical
measures of their predictive capabilities, that is, of the root mean
squared error RMSE (given in percentage points), the coefficient of
determination R2, Pearson’s correlation coefficient r, and the
p-value. In Table 1 we observe several consistent trends. First, all
statistical measures of predictive capability noticeably improve
when the number of input features is increased from 3 to 5 to 63
for all the three feature selection methods (ANOVA, RFE, or
random). Second, the two sparse feature selection procedures
(ANOVA and RFE) consistently outperform in all measures a simple
random feature selection, which underlines their practical value.
Third, the two sparse feature selection procedures (ANOVA and

RFE) exhibit a similar performance, with RFE slightly outperform-
ing ANOVA with respect to RMSE, which can in many respects be
considered the most relevant one of the four statistical measures.
This underlines that grouped features selection has indeed—as
one would also expect—advantages over individual features
selection, though at least in the framework used herein only to a
limited extent. A fourth important observation is the decline of
performance when increasing the number of input features to
1260. This can be understood from the fact that such unspecific
input dilutes the relevant information harbored by the input in a
way that makes systematic learning of QSPR more difficult. Quite
interestingly, for the two sparse features selection methods
(ANOVA and RFE)—unlike for the random feature selection—the
performance already stagnates when increasing the number of
input features from 5 to 63, indicating that they can help to
identify a very small group of features that carries nearly the
whole information relevant for predictions.
It is noteworthy that even when using a sparse feature selection

method, the error of the predictions based on the selected
features still remains substantial. While fully overcoming this
problem would go beyond the scope of this paper, we further
investigated into the reasons of this problem. Analysing our data
we found that the performance of predictions based on sparse
feature selection is substantially adversely affected by only a few
outliers. To illustrate this, we consider more closely compound no.
13, 3,5-Dinitrobenzoic acid. Unlike all the other 59 molecules in
our data base, it contains an NO2 functional group. This important
chemical difference is supposedly the reason why the information
carried by the other compounds cannot help a neural network to
make accurate predictions also for 3,5-Dinitrobenzoic acid, which
indeed results in a very large error for any of the above introduced
predictive neural networks. Naturally, such a large error affects the
otherwise very good performance of predictions based on sparse
feature selection methods much more adversely than the
generally much less accurate predictions based on randomly
selected features. To demonstrate this, we show in Table 2 the
results for one specific fold where we manually removed from the
validation set 3,5-Dinitrobenzoic acid. Evidently, this substantially
improves the predictions in particular made on the basis of
grouped feature selection, while the quality of predictions based
on of tiny or small sets of randomly selected features remains
rather limited. Detailed information about the fold, validation and
neural network predictions underlying to Table 2 are presented in
Supplementary Tables 5 and 6. We performed Pearson correlation
tests for all different models presented in Table 2 and observed in
particular for neural networks receiving input features obtained
from grouped feature selection a positive correlation coefficient of
0.97 and significant p-values below 0.01. Figure 3 illustrates the
performance of the deep neural networks M5b and M1260 for the
(reduced) validation set discussed in Table 2.

Table 1. Median statistics over the full 10-fold cross validation.

No. of features 3 5 63 1260

Model type Tiny model Small model Medium model Large model

Selection method a b c a b c a b c

RMSE/pp 66 56 66 57 50 66 50 50 56 63

R2 0.40 0.51 0.30 0.68 0.66 0.41 0.60 0.62 0.50 0.35

Pearson’s r 0.61 0.71 0.54 0.82 0.81 0.64 0.77 0.79 0.70 0.59

p-value 0.23 0.13 0.27 0.05 0.06 0.17 0.08 0.06 0.12 0.22

Median values of root mean squared errors (RMSE), coefficients of determination (R2), correlation coefficients (Pearson’s r) and p-values of the full 10-fold cross
validation for all trained models by model type and feature selection method (a: ANOVA, b: RFE, c: random selection).
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Comparing the median performance over all cross validation
folds with that on the representative validation set showcases the
potential of predictive modeling when combined with appropriate
outlier detection methods. As pointed out above, a few outliers
can have a drastic impact on the quality of the predictive models.
In particular, one of the ten cross validation folds contains outliers
that consistently yielded very poor results across all models and
metrics. For this reason we elected to present median rather than
mean values across all statistics, for the corresponding mean
values table cf. Supplementary Table 4. Besides outlier detection,
repeating the feature selection process for each model and each
fold can also increase performance.

Autoencoders
So-called autoencoders are a type of neural network that is not
used for predictions but rather to learn a lower-dimensional
representation (code) of the input data, from which the original
input can be reconstructed as accurately as possible (cf. “Methods”
section). Herein we applied an autoencoder with a code of
dimension 2 to the 5-tuple of features determined by grouped
feature selection. The resulting two-dimensional representation of
the 60 chemical compounds studied herein is plotted in Fig. 4a.
Subsequently, we used the decoder part of the autoencoder to
generate a contour map of predicted inhibition efficiencies across
the whole two-dimensional reduced feature space, Fig. 4b to
make anomalies even easier to spot with the naked eye. It is
immediately noticeable as a prominent anomaly in the plot of the

reduced (two-dimensional) feature space that there are two
samples with a highly negative inhibition efficiency within a
cluster of samples with a (moderately) positive inhibition
efficiency. The first one is 4-hydroxybenzoic acid with an inhibition
efficiency of −170% whose parent system salicylic acid causes a
considerably higher inhibition efficiency of 37% despite very
similar molecular features. Addition of another hydroxyl group in
3,4-dihydroxybenzoic acid (the second outlier) leads to a further
increase of the Mg2+ binding ability resulting in an inhibition
efficiency of −270%. The behavior of the latter can be attributed
to the significantly higher stability constant of the corresponding
complex of 3,4-dihydroxybenzoic acid with Mg (logK(Mg2+) =
9.84) in comparison to that of salicylic acid (logK(Mg2+) = 4.7)62,63.
We assume that a similar effect is the reason for the unique
behavior of 4-hydroxybenzoic acid although there is no stability
constant available in the literature to support this claim.
Additionally, the corresponding ligands do not only shift
dissolution equilibria, but they also compete with OH− for binding
Mg2+ thus preventing the formation of a semi-protective Mg(OH)2
layer on the substrate. Consequently, 4-hydroxybenzoic acid and
3,4-dihydroxybenzoic acid are currently investigated concerning
their potential as effective additives for Mg-air battery electrolytes.
In summary, we have pointed out above how sparse feature

selection methods can help to identify those molecular descrip-
tors that carry the most valuable information for predictions of
the corrosion inhibition efficiency of organic molecules on the
degradation of magnesium alloys. Our results clearly demonstrate
that in addition to classical structural descriptors also those
directly derived from DFT calculations can be highly relevant for
data-driven predictions. Interestingly, our methods of spare
feature selection reveal that the Chemically Advanced Template
Search (CATS) descriptors form a particularly valuable basis for
predictions. These are generally known to bear great potential for
e.g., the AI-driven discovery of drugs64. Our results suggest that
the pharmacophore properties encoded therein can also help to
describe the capacity of small organic molecules to form
complexes with metal ions like Mg2+ and Fe2+/3+. This appears
natural since atoms that may act as hydrogen bond acceptors
(e.g., a nitrogen atom with a lone pair) may also act as donor for
the formation of a coordinative bond in another context. In some
cases an intuitive understanding of the relevance of descriptors
selected above may be difficult. Yet, it is striking that the DFT-
derived descriptor LUMO seems to play a significant role. This
claim is corroborated by the outcome of both the individual and
grouped feature selection. Our above analyses were not biased in
any way by any expectation of specific features becoming
dominant. Yet, LUMO was selected approximately 240 times more
often by our smart feature selection algorithms than expected
from random probability (cf. Supplementary Notes) which is a
strong hint at a possible causal relationship between LUMO and

Fig. 3 Model performance. Predicted vs. true target values for the
validation sets as obtained by M5b and M1260. Linear regressions
are depicted as accordingly colored lines. 3,5-Dinitrobenzoic acid
was excluded as it contains features that are outside of the domain
of the trained model.

Table 2. Statistics on the representative validation set.

No. of features 3 5 63 1260

Model Type Tiny model Small model Medium model Large model

Selection method a b c a b c a b c

RMSE/pp 50 24 66 51 26 60 49 23 40 38

R2 0.56 0.94 0.53 0.54 0.94 0.95 0.58 0.94 0.94 0.95

Pearson’s r 0.75 0.97 0.73 0.73 0.97 0.97 0.76 0.97 0.76 0.97

p-value 0.14 0.01 0.16 0.16 0.01 0.01 0.14 0.01 0.08 0.01

Root mean squared errors (RMSE), coefficients of determination (R2), correlation coefficients (Pearson’s r) and p-values of the representative validation set
predictions for all trained models by model type and feature selection method (a: ANOVA, b: RFE, c: random selection). 3,5- Dinitrobenzoic acid (compound No.
13) was omitted for calculation of the statistical values as its molecular features are in parts substantially outside of the domain covered by the training data.
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the corrosion inhibition efficiency. Using the example of a specific
fold within our 10-fold cross validation, we pointed out that the
elimination or proper treatment of outliers can be expected to
play a key role in further improving the accuracy of feature-based
predictions of the corrosion inhibition efficiency. We showcased
the ability of autoencoders to detect potential anomalies within
datasets, which can be especially useful when working with small
datasets. Note that the affected samples were included in all
analyses and training steps as is. Yet, as apparent from the
discussion above, it is very likely that the development of methods
for a special treatment or at least detection of outliers could be an
important step to improve data-driven predictions of corrosion
inhibition efficiencies substantially, which opens up a promising
avenue of future research.

METHODS
Molecular descriptor generation
To define molecular descriptors, we first determined the structures of the
60 chemical compounds of interest using the quantum chemical software
package Turbomole 7.4.65 at the TPSSh/def2SVP66,67 level of density
functional theory. Six of the molecular descriptors considered herein are
directly derived from the output of the performed DFT calculations. These
are the frontier orbital energies (HOMO, LUMO) as well as the frontier
orbital energy gap (ΔEHL), the calculated heat capacities (Cp, Cv) and the
chemical potential (μ) calculated at 293 K. The thermodynamic properties
were derived from the calculated vibrational frequencies using the
Turbomole module freeh with default parameters for the calculations.
The Cartesian coordinates resulting from our DFT calculations are
subsequently used as input for the cheminformatics software package
alvaDesc 1.028 to generate roughly 5000 molecular descriptors related to
structural features. After omitting molecular descriptors with constant
values and/or those that are close to zero, we used the remaining 1254
descriptors in combination with the above mentioned six DFT descriptors
as input features for our sparse feature selection method.

Dataset preprocessing
We randomly selected 10% of the available data (i.e., six samples) using
scikit-learn’s train-test-split68 that are withheld from all further
preprocessing, analysis, and training. These samples serve as an unknown
validation set, and are used to validate the predictive abilities of the
trained models. A representative validation set is illustrated in cf. Table 3.
The index is used for numbering of the 60 chemical compounds of interest.
We applied linear min-max scaling to all descriptors to map their values on
the interval [−1, 1]. The target variable (corrosion inhibition efficiency) was
mapped on the interval [0, 1].

Data analysis—individual features
To identify the most relevant molecular descriptors for predicting
inhibition efficiency, we considered two approaches. The first was to
regard each feature individually, and determine its influence on predicting

the target variable, i.e. to look for the individually most relevant features.
We did so by means of f-test based analysis of variance (ANOVA)42–45. An f-
test (or F-test) is a test to see whether two independent, identically
distributed variables X1 and X2 have the same variance. The f-score is given
by f ¼ σ2X1=σ

2
X2 ; with σ2Xi denoting the variance of Xi. The null hypothesis

may then be rejected if f is either below or above a chosen threshold α.
F-test based ANOVA calculates an f-score for every molecular descriptor

compared to the target variable (corrosion inhibition efficiency). This score
provides a statistic (with an F(1, k−2)-distribution, where k is the number of
samples) for each descriptor for testing the hypothesis whether its
distribution is the same one as the one of the target variable. The higher
the f-score, the higher the presumed relevance of a descriptor. Herein, we
used the top 3, 5, and 63 (i.e., 5%) descriptors as input for a subsequent
deep learning framework.

Data analysis—grouped features
Those descriptors that individually hold the most amount of information
need not necessarily work best together as a group when used as the
input for a deep learning model. Thus we also identified n-tuples of
features that are most relevant as a group via recursive feature elimination
(RFE)47. RFE repeatedly fits a chosen regression model, and then discards a
fraction of features found to be least relevant for decision making. This
process is repeated until only the desired n descriptors remain. As the
underlying regression model, we choose random forests49–51. A random
forest is a so-called ensemble learning method, i.e., a collection of
individual predictors, over which an average is calculated. This reduces
overfitting and increases generalizability of the model, which is especially
relevant when the training set is of limited size. The random forest consists
of a number of decision trees, each of which only has access to a
(randomly chosen) subset of all features for making the best possible
prediction. The RFE algorithm is run 100 times with varying random seeds
to counter statistical artifacts. Depending on the chosen n, one or more n-
tuples of features may be selected by this process more often than other
combinations. If this was the case, we picked the n-tuple selected most
often. However, the larger n gets, the less likely this becomes. Thus, if this
was not the case, we artificially composed the best n-tuple based on the
frequency distribution of all descriptors included in any of the tuples
selected at least once as most relevant n-tuple.

Table 3. Representative validation set.

Index Compound description Inhibition efficiency ZE41/%

0 3-Amino-1,2,4-triazole −157

5 4-Methylsalicylic acid 39

13 3,5-Dinitrosalicylic acid 38

36 Maleic acid 12

45 p-Toluic acid −6

54 Salicylhydrocamic acid −17

Set aside representative validation set (randomly selected).

Fig. 4 Using autoencoders for outlier detection and contour maps. a Input features reduced to a two-dimensional code. b The decoder part
in combination with an appropriate predictive model (such as a deep neural network) can be used to generate contour maps across the space
spanned by the dimensions of the two-dimensional code.
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Deep learning models
We evaluated the predictive value of the features identified either by f-test-
based ANOVA or RFE by using them as input features for a deep neural
network that was trained to predict the corrosion inhibition efficiency. The
predictive quality of this network was then evaluated on the representative
validation set withheld in the very beginning from the data (see above).
Thereby we used four different types of deep neural networks: tiny models
(three input features), small models (five input features), medium models
(63 input features) and large models (containing the full set of 1260
available input features). Each of these models (deep neural networks) was
composed by three hidden layers with a relu activation function (cf. Fig.
5). They were trained for 25 epochs using an Adam optimizer and the
mean squared error (MSE) of the scaled target values as the loss function.
Since the dataset was very small (only 54 training samples after
withholding six samples for the representative validation set) the input
data was first passed through a Gaussian noise layer with μ= 0 and σ= 0.1
for each model. This layer added some Gaussian random noise in each
epoch, which effectively served as a data augmentation technique and
helped to improve generalization of the model and to reduce overfitting.
The Gaussian noise layer was deactivated when predictions were made for
the (previously unseen) validation data. The hyperparameters varied
depending on the number of input parameters (model sizes) were the
number of units in each hidden layer, as well as the learning rate for the
Adam optimizer. For details the reader is referred to the supplementary
material.

Autoencoders
Recently, autoencoders have attracted substantial attention in dimension-
ality reduction in the context of deep learning69–71. Autoencoders are
however not used for predictions. Rather their objective is to generate an
approximation of the input data as close as possible to themselves after
compressing them through a bottleneck. Autoencoders consist of three
parts: an encoder that learns how to distill the most relevant information
from the input; the code, i.e., the condensed information gained from the
input; and lastly the decoder, which learns how to re-construct the input
data as accurately as possible from the code (cf. Fig. 6).

As one has substantial freedom in choosing the dimension of the code,
one case use autoencoders to reduce, e.g., the 1260 input features in our
problem to e.g., 2–5 key variables. Of course, the lower the dimension of
the code, i.e., the greater the compression of the input data, the greater
the reconstruction error typically becomes. Note that while autoencoders
are quite a powerful tool for dimensionality reduction, they are not a
feature selection method in the classical sense71. Rather they are similar to
principal component analysis (PCA) which can also be used for
dimensionality reduction. Neither the code produced by the autoencoder
nor the principal components found by PCA have a direct physical
correspondence to any of the input features. Instead, PCA constructs a
linear projection of the input data onto a basis of the closest lower rank
representation of the original data space. In general, a unique inversion of
this process does not exist. Similarly, autoencoders typically learn a highly
nonlinear mapping which approximates a bijection between the original
and the latent data dimensions up to the reconstruction error72. The great
advantage of autoencoders compared to PCA is that the decoder part can
thus be used for predictions on generic data reconstructed from the latent
space. We trained an autoencoder with a code of dimension 2, which was
suitable to plot a two-dimensional representation of the chosen number of
input features (for hyperparameters cf. Supplementary Table 1). Moreover,
its decoder was able to map any point in this two-dimensional reduced
feature space to a predicted corrosion inhibition efficiency of ZE41 (cf. Fig.
4). Note that besides providing a low-dimensional representation of the
input data, autoencoders can also be used to reduce noise within a
dataset, or to detect potential anomalies in the data70.
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SUPPLEMENTARY NOTES

Probability of Selecting Specific Features

We want to calculate the probability of a random 5-tuple of features
containing any specific molecular descriptor. Since the tuple is not
ordered, the number of possible combinations of k-tuples is given by
the formula for drawing k elements out of a set of N samples via the
binomial coefficient

 
N

k

!
=

N!

k! · (N − k)!
: (1)

Thus, the number of possible 5-tuples equals
 

1260

5

!
≈ 2:63 · 1013; (2)

whereas the number of 5-tuples containing a specific element is given
by

 
1259

4

!
≈ 1:04 · 1011: (3)

The probability that a specific molecular descriptor is included in a
randomly selected 5-tuple thus equals

1:04 · 1011

2:63 · 1013
≈ 3:97 · 10−3 ≈ 0:004 (4)

We performed a 5-fold cross-validation on selecting 5-tuples, with
100 runs each, so 500 runs in total. Thus, the expected value for a
specific feature to be included would be 1.98 runs. The descriptor
LUMO / eV was included in 479/500 runs, which is a factor of 2:41 ·
102 more often than the expected value.

SUPPLEMENTARY TABLES

Model Hyperparameters

The regression models all contain 3 hidden layers that use relu acti-
vations. We choose an Adam optimizer and use mean squared error
(MSE) as the loss function. Layer sizes vary, as do learning rates,
cf. Supplementary Table 1. The models all contain a Gaussian noise
layer with — = 0 and ff = 0:1 that is only active during training, and
are trained for 25 epochs each.

The autoencoder contains three hidden layers with leaky relu

activations, and does not use a Gaussian noise layer. It is compiled
using an Adam optimizer with learning rate of 0.01 and MSE as loss
function. The model is trained for 100 epochs.

B email: christian.feiler@hereon.de, roland.aydin@hereon.de

Supplementary Table 1: Chosen hyperparameters for the different
model types.

Model category Layer sizes Learning rate Task

tiny 50-20-10 0.01 Regression
small 50-20-10 0.01 Regression
medium 50-20-10 0.05 Regression
large 100-50-10 0.005 Regression

small 10-2-10 0.01 Autoencoder

Top 63 Molecular Descriptors

The top 63 features as identified by analysis of variance (ANOVA) are
provided in Supplementary Table 2. The top 63 features as identified
by recursive feature elimination (RFE) are provided in Supplementary
Table 3.

Mean Model Performance across all 10 Cross Validation
Folds

The mean values of all reported statistics over all 10 cross validation
folds, feature selection and model types can be found in Supplemen-
tary Table 4.

Model Performance for the Representative Validation Set

The average and standard deviations of predictions on the represen-
tative validation set from 100 training runs over all feature selection
methods and model types can be found in Supplementary Table 5.
Summarising statistics are provided in Supplementary Table 6.

Experimental Data

More information on the investigated compounds, including their
SMILES strings and experimentally determined inhibition efficiencies
(IE) for ZE41, can be found in Supplementary Table 7.
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Supplementary Table 2: Top 63 most relevant features as determined by ANOVA.

Rank Feature

1 CATS2D 03 AP
2 CATS3D 03 AP
3 CATS3D 02 AP
4 LUMO / eV
5 P VSA MR 5
6 P VSA LogP 2
7 CATS2D 02 PN
8 CATS2D 03 DP
9 H3m

10 nRNH2
11 H%
12 Mor14u
13 CATS2D 03 AN
14 Eta epsi 5
15 CATS3D 03 DP
16 P VSA e 3

Rank Feature

17 Mor19m
18 Mv
19 Mor12e
20 B02[C-N]
21 Eta F A
22 R2e+
23 Mor14s
24 NssCH2
25 Mor32m
26 SHED AP
27 P VSA ppp con
28 Mor14v
29 Mor08s
30 E2m
31 SPH
32 MATS7m

Rank Feature

33 F03[N-O]
34 SsNH2
35 CATS3D 04 NL
36 E3p
37 Hlgap / eV
38 CATS2D 04 AA
39 Mor08i
40 HOMO / eV
41 TDB03e
42 TDB02e
43 B03[N-O]
44 CATS3D 02 AN
45 Mi
46 Mor27m
47 TDB04v
48 ZM2V

Rank Feature

49 Mor12p
50 Eta FL A
51 GATS1m
52 Ui
53 Mor12m
54 SHED PN
55 SHED DP
56 GATS1v
57 MLOGP
58 MPC07
59 nN
60 DLS 05
61 nArCOOH
62 Mor08p
63 SpPosA B(e)

Supplementary Table 3: Top 63 most relevant features as determined by RFE.

Rank Feature

1 P VSA MR 5
2 Mor22s
3 Mor04m
4 LUMO / eV
5 E1p
6 HOMO / eV
7 P VSA LogP 2
8 Mor29v
9 MATS5v

10 Mor14s
11 Mor14u
12 CATS3D 02 AP
13 GATS5v
14 MATS5m
15 GATS2s
16 Mor32m

Rank Feature

17 H3m
18 TDB04s
19 E2s
20 R5p+
21 R2e+
22 ISH
23 DISPm
24 R5i+
25 Mor04i
26 Ds
27 Mor03s
28 E2m
29 Mor28s
30 Mor11u
31 TDB03m
32 Mor19m

Rank Feature

33 VE2sign G
34 SpMAD RG
35 R3s+
36 R5e+
37 E2v
38 Mor15i
39 T(N..O)
40 R2u+
41 MATS8p
42 Eta epsi 5
43 MATS4s
44 H0v
45 Hy
46 E1i
47 VE1sign G
48 Mor15s

Rank Feature

49 E3e
50 Mor13u
51 Eig03 AEA(dm)
52 X4Av
53 P VSA e 3
54 Mor29e
55 Mor16m
56 GATS5m
57 E3p
58 E2e
59 X3Av
60 Mor19u
61 GATS4s
62 E3v
63 TDB04m

Supplementary Table 4: Mean values of root mean squared errors (RMSE), coefficients of determination (R2), corre-
lation coefficients (Pearson’s r) and p-values of the full 10-fold cross validation for all trained
models by model type and feature selection method (a: ANOVA, b: RFE, c: random selection).

No. of features 3 5 63 1260
Model Type tiny model small model medium model large model
Selection Method a b c a b c a b c

RMSE / pp 70 65 78 61 63 75 61 63 70 72
R2 0.40 0.47 0.42 0.56 0.55 0.35 0.56 0.62 0.47 0.44
Pearson’s r 0.53 0.65 0.53 0.69 0.72 0.50 0.73 0.77 0.63 0.61
p-value 0.38 0.20 0.30 0.20 0.14 0.37 0.14 0.10 0.24 0.26
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Supplementary Table 5: Predictions for all trained models by type for the representative validation set. The averages
and standard deviations are calculated over 100 training runs.

Model Validation inhibition efficiency / %

Index 0 5 13 36 45 54

True Value -157.00 39.00 38.00 12.00 -6.00 -17.00

M3a -105.01 -34.98 148.79 17.64 -69.53 -29.09
± 35.58 ± 22.34 ± 50.81 ± 24.70 ± 22.45 ± 23.01

M5a -100.74 -35.98 154.62 15.88 -69.72 -30.13
± 39.29 ± 20.27 ± 56.17 ± 23.81 ± 22.98 ± 21.06

M63a -104.19 -33.72 149.63 14.24 -69.31 -28.54
± 35.85 ± 22.21 ± 57.00 ± 21.76 ± 24.12 ± 23.43

M3b -140.43 63.30 147.96 34.83 -22.28 19.11
± 33.15 ± 18.21 ± 52.35 ± 28.93 ± 20.72 ± 27.66

M5b -138.90 65.77 144.03 32.88 -19.88 23.68
± 33.19 ± 19.36 ± 49.41 ± 29.44 ± 22.36 ± 31.75

M63b -142.42 64.90 146.93 30.14 -20.63 18.86
± 32.52 ± 18.40 ± 53.77 ± 27.20 ± 19.22 ± 27.80

M3c -36.90 -25.75 8.70 -33.71 -33.64 -29.09
± 68.92 ± 28.62 ± 85.66 ± 31.67 ± 27.23 ± 28.77

M5c -41.96 -16.33 28.68 -23.96 -26.99 -27.66
± 48.06 ± 30.42 ± 105.86 ± 43.23 ± 32.82 ± 37.10

M63c -73.99 17.67 127.29 10.09 -21.94 -12.83
± 48.54 ± 37.49 ± 96.01 ± 52.30 ± 41.77 ± 44.33

M1260 -77.54 14.46 64.30 8.63 -19.81 -4.01
± 48.67 ± 41.44 ± 97.76 ± 46.00 ± 37.87 ± 39.35

Supplementary Table 6: Coefficients of determination (R2), root mean squared errors (RMSE), correlation coefficients
(Pearson’s r) and p-values of the full validation set predictions for all trained models by model
type and feature selection method (a: ANOVA, b: RFE, c: random selection).

No. of features 3 5 63 1260
Model Type tiny model small model medium model large model
Selection Method a b c a b c a b c

RMSE / pp 71 50 61 67 49 55 64 49 51 36
R2 0.26 0.83 0.28 0.38 0.84 0.42 0.41 0.84 0.56 0.81
Pearson’s r 0.51 0.91 0.53 0.62 0.91 0.65 0.63 0.91 0.75 0.90
p-value 0.30 0.01 0.28 0.19 0.01 0.17 0.17 0.01 0.09 0.02
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Supplementary Table 7: Investigated compounds with their SMILES strings and experimentally determined inhibition
efficiencies (IE) for ZE41. Presented values of IE were determined by comparing the amount
of evolved hydrogen during immersion of ZE41 alloy chips in pure 0.5% NaCl solution with the
amount of hydrogen that evolves in presence of one of the listed dissolution modulators at an
operation concentration of 0.05 m. The elemental composition of the alloy is provided within
the published database of inhibition efficiencies [1].

Compound SMILES IE / %

3-Amino-1,2,4-triazole c1[nH]nc(n1)N -157
3-Methylcatechol c1(c(c(ccc1)O)O)C -31
3-Methylsalicylic acid c1(c(c(ccc1)C(=O)O)O)C 75
4-Aminosalicylic acid c1c(c(ccc1N)C(=O)O)O 57
4-Hydroxybenzoic acid c1c(ccc(c1)O)C(=O)O -170
4-Methylsalicylic acid c1c(c(ccc1C)C(=O)O)O 39
5-Aminosalicylic acid c1c(c(cc(c1)N)C(=O)O)O 66
5-Methylsalicylic acid c1c(c(cc(c1)C)C(=O)O)O 55
5-Nitrobarbituric acid C1(=O)C(C(=O)NC(=O)N1)N(=O)=O 51
2,3-Pyridinedicarboxylic acid c1(c(cccn1)C(=O)O)C(=O)O 32
2,5-Pyridinedicarboxylic acid c1(ccc(C(=O)O)cn1)C(=O)O 52
3,4-Dihydroxybenzoic acid c1c(ccc(c1O)O)C(=O)O -270
3,5-Dimethylpyrazole c1(cc(n[nH]1)C)C -67
3,5-Dinitrosalicylic acid c1(c(c(cc(c1)N(=O)=O)C(=O)O)O)N(=O)=O 38
5,5-Dimethylhydation C1(CNC(=O)N1)(C)C -172
Ascorbic acid [C@@H]1(OC(=O)C(=C1O)O)[C@H](CO)O 6
Asparagine [C@H](CC(=O)N)(C(=O)O)N -188
Aspartic acid [C@H](CC(=O)O)(C(=O)O)N -54
Benzoic acid c1cc(ccc1)C(=O)O 34
Benzotriazole c1ccc2c(c1)nn[nH]2 -108
Bicine N(CC(=O)O)(CCO)CCO -111
Bipyridine c1(ccccn1)c1ccccn1 6
Bismuthiol c1(nnc(s1)S)S -17
Citric acid C(C(CC(=O)O)(C(=O)O)O)C(=O)O -47
Cystein [C@H](CS)(C(=O)O)N -104
Diethylentriamine C(CNCCN)N -18
Diglycolic acid C(=O)(O)COCC(=O)O 60
Formic acid C(=O)O -5
Fumaric acid C(=C\\C(=O)O)/C(=O)O 17
Gluconic acid [C@H]([C@@H]([C@H]([C@H](CO)O)O)O)(C(=O)O)O 48
Glutamic acid [C@H](CCC(=O)O)(C(=O)O)N -139
Glycerol C(C(CO)O)O -13
Glycine C(C(=O)O)N -215
Glycolic acid C(=O)(C)CO 59
Kojic acid c1(cc(=O)c(co1)O)CO 45
Lysine [C@H](CCCCN)(C(=O)O)N -113
Maleic acid C(=C\\C(=O)O)\\C(=O)O 12
Maltol c1(c(c(=O)cco1)O)C 9
Mandelic acid c1ccc(cc1)[C@@H](C(=O)O)O -6
Nicotinic acid c1c(cccn1)C(=O)O 3
Norleucine CCC[C@@H](C(=O)O)N -138
NTA N(CC(=O)O)(CC(=O)O)CC(=O)O -124
Oxalic acid C(=O)(O)C(=O)O 52
Panthenol C(=O)(NCCCO)[C@H](C(C)(CO)C)O -98
p-tBu-Benzoic acid c1c(ccc(c1)C(C)(C)C)C(=O)O 31
p-Toluic acid c1c(ccc(c1)C)C(=O)O -6
Phenylalanine [C@H](Cc1ccccc1)(C(=O)O)N -146
Phthalic acid c1c(c(ccc1)C(=O)O)C(=O)O 31
Picolinic acid c1(ccccn1)C(=O)O 54
Piperazine C1CNCCN1 -145
Pyrazole c1ccn[nH]1 -38
Quinaldic acid c1(ccc2c(n1)cccc2)C(=O)O 21
Quinic acid [C@@]1(CC[C@H]([C@@H]([C@@H]1O)O)O)(O)C(=O)O 19
Salicylaldoxime c1c(c(ccc1)/C=N/O)O -89
Salicylhydroxamic acid c1c(c(ccc1)C(=O)NO)O -17
Salicylic acid c1c(c(ccc1)C(=O)O)O 37
Tartaric acid [C@H]([C@H](C(=O)O)O)(C(=O)O)O 46
Tris C(CO)(CO)(CO)N -194
Uracil [nH]1ccc(=O)[nH]c1=O -108
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ARTICLE OPEN

Searching the chemical space for effective magnesium
dissolution modulators: a deep learning approach using
sparse features
Elisabeth J. Schiessler 1, Tim Würger 2,3, Bahram Vaghefinazari2, Sviatlana V. Lamaka2, Robert H. Meißner 2,3, Christian J. Cyron1,4,
Mikhail L. Zheludkevich2,5,6, Christian Feiler 2,6✉ and Roland C. Aydin 1,4✉

Small organic molecules can alter the degradation rates of the magnesium alloy ZE41. However, identifying suitable candidate
compounds from the vast chemical space requires sophisticated tools. The information contained in only a few molecular
descriptors derived from recursive feature elimination was previously shown to hold the potential for determining such candidates
using deep neural networks. We evaluate the capability of these networks to generalise by blind testing them on 15 randomly
selected, completely unseen compounds. We find that their generalisation ability is still somewhat limited, most likely due to the
relatively small amount of available training data. However, we demonstrate that our approach is scalable; meaning deficiencies
caused by data limitations can presumably be overcome as the data availability increases. Finally, we illustrate the influence and
importance of well-chosen descriptors towards the predictive power of deep neural networks.

npj Materials Degradation            (2023) 7:74 ; https://doi.org/10.1038/s41529-023-00391-0

INTRODUCTION
Magnesium (Mg) and its alloys have distinct properties that render
them promising materials for various applications, ranging from
aerospace and automotive to biomedical and energy storage.
However, it is essential to control the surface reactivity
characteristics of Mg to unlock its full potential in each particular
application field. For example, preventing corrosion is crucial for
transport applications (e.g., aerospace and automotive), while
medical applications (e.g., temporary biodegradable implants)
require tailored degradation rates. For batteries with a Mg anode,
the dissolution rate has to be adapted to maintain a constant
output voltage and to protect the utilisation efficiency, e.g., from
the occurring chunk effect1–3. Small organic molecules exhibit
great potential in controlling corrosion in these applications, for
which they are—depending on the target application— typically
incorporated into a complex coating system in transportation
applications or become a dissolved component of the electrolyte
in Mg-air batteries.
The chemical space of compounds with potentially useful

properties is practically infinite 4, rendering purely experimental
approaches insufficient despite impressive progress in the field of
high-throughput testing. Data-driven computational methods
have emerged as powerful tools for the prediction and identifica-
tion of useful corrosion inhibitors and can thus enable a more
efficient design of experiments. Exploring large areas of chemical
space can become orders of magnitude faster, allowing the pre-
selection of promising candidates for in-depth experimental
testing. At the same time, further insights into the underlying
chemical mechanisms of corrosion and its inhibition can be
obtained, which in turn provide additional input features for
predictive quantitative structure-property relationships (QSPRs).

To develop accurate and robust predictive models, a sufficiently
large, reliable, and chemically diverse database is required,
reflecting the complexity of the relevant chemical environment.
Cheminformatics software packages, such as RDKit and alvaDesc,
enable the structural encoding of the numerous different
functional entities and molecular features included in such
databases. Aside from that, advances in computing power and
simulation algorithms have enabled simulations (e.g., relying on
density functional theory or (semi empirical) force field calcula-
tions) that can provide a wide range of potentially useful
molecular descriptors5. By selecting only the most suitable
descriptors and using them as input for a QSPR model, a more
thorough and nuanced analysis of the potential effectiveness of a
given compound can be provided. As additional data becomes
available, the model can be continually refined and improved,
ensuring that the most effective dissolution modulators are
identified.
The predictive performance of the trained QSPR model depends

significantly on the selected molecular features, as high correla-
tion between input features or low correlation with the target
property can compromise the model. In recent years, machine
learning models have become increasingly popular in corrosion
modelling6–9. In Schiessler et al. 10, we compared the capabilities
of statistical methods, such as the analysis of variance
(ANOVA11–14), with recursive feature elimination (RFE15) based
on random forests16–18 in selecting suitable input features of 60
compounds for a deep neural network to predict the corrosion
inhibition efficiencies of chemical compounds for the magnesium
alloy ZE41. Descriptors derived from density functional theory
calculations could be identified as highly significant for predicting
the experimental performance of corrosion inhibitors, when
joined with input features derived from the molecular structure.

1Institute of Material Systems Modeling, Helmholtz-Zentrum Hereon, Geesthacht, Germany. 2Institute of Surface Science, Helmholtz-Zentrum Hereon, Geesthacht, Germany.
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Technology, Hamburg, Germany. 5Institute for Materials Science, Faculty of Engineering, Kiel University, Kiel, Germany. 6Kiel Nano, Surface and Interface Science KiNSIS, Kiel
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Combining the sparse feature selection strategies with deep
learning forms a predictive QSPR framework that can be used for
the identification of promising corrosion inhibitors. However,
when working with small datasets there exists a risk of overfitting
on the training data, which will lead to results that do not
generalise well and may not be able to give useful insights
beyond the training domain19,20.
In this study, we predict and test the corrosion inhibition

efficiencies of 15 previously unseen compounds that were
selected using the ExChem21 routine to evaluate the limitations
of the models presented in Schiessler et al.10. The fundamental
concept of ExChem is based on molecular similarities calculated
from the Smooth Overlap of Atomic Positions (SOAP)22,23

approach. The molecules in the dataset that was used to train
the underlying supervised machine learning model are repre-
sented in form of a 2D map following a dimension reduction
approach, thereby visualising the relationships between molecular
structure and corrosion inhibition performance via the formation
of similarity clusters. Moreover, ExChem facilitates the projection
of a database of commercially available compounds onto the
landscape of known chemical space and thus enables a rational
selection of compounds for subsequent experimental evaluation
based on structural similarities between the two databases and by
providing estimates for the corrosion inhibition performance of
the untested small organic molecules. After confirming the
robustness of the feature selection process, the predictive
performance of the neural networks is evaluated. Identified
outliers are discussed with respect to their chemical features to
explain deviations occurring between experimental and predicted
corrosion inhibition properties. Furthermore we assess the effect
of integrating more data into the training set and confirm the
scalability of our approach.

RESULTS AND DISCUSSION
Similarity-based compound selection
Under the overarching goal to find promising magnesium
dissolution modulators for the magnesium alloy ZE41 in the vast
chemical space, we tested the limits of the machine learning
models as presented in our previous study10 with respect to
prediction performance and scalability. Therefore, we selected

blind test candidates using the ExChem routine from a database
of over 7000 commercially available chemicals, as provided by
Thermo Fisher Scientific21. A database of 60 magnesium dissolu-
tion modulators for ZE41, originally used to train the machine
learning models, served as foundation for the approach10,24.
Molecular similarities of the original training data and the
database of commercially available compounds were calculated
using the SOAP kernel with a cutoff radius rc= 2.0Å, a Gaussian
width ξ= 0.3Å and ζ= 2 (cf. Methods)22,23. We reduced the
resulting high-dimensional similarity matrix to two dimensions
using kernel principal component analysis. Correlating the two-
dimensional data with experimentally measured corrosion inhibi-
tion efficiencies for the respective compounds resulted in a
structure-property landscape, as shown in Fig. 1.
A clear relationship between molecular structure and corrosion

inhibition efficiency becomes evident, where compounds yielding
corrosion inhibiting effects are located predominantly on the right
side of the landscape (green circles) and compounds accelerating
corrosion are located mainly on the left side (purple circles). The
ExChem routine was used to identify potential test candidates in
the commercial database that exhibit high similarity to certain
compounds that were already experimentally validated. Initially,
20 compounds of interest were randomly selected from the
experimental database. Each compound served as reference
(‘parent’) to identify five highly similar structures (‘children’) in
the commercial database based on the underlying SOAP
similarities. Out of the resulting 100 structures, 20 were randomly
chosen for experimental blind testing. Since four of these 20 were
not soluble in water, they were removed from the pool of blind
test candidates. The remaining 16 selected compounds are listed
in Table 1 along with their respective indices, names and
experimentally measured inhibition efficiencies. The associated
parent structures are marked with crossed circles in Fig. 1 along
with the indices of the selected children, i.e., the chosen blind test
candidates. Compound 2 was excluded during the evaluation
phase as the required materials could not be delivered. In the
following, we evaluate the robustness of the feature selection
process given the availability of this additional dataset, as well as
the performance of the predictive models against the presented
blind test data, which have been withheld from the model training
process.

Feature selection robustness
We investigated the quality of selected features that were
presented in our previous study10 by exploring how susceptible
the feature selection results are to changes in input data. The
original 60 sample dataset10,24 was augmented by the 15 blind
testing samples given in Table 1, forming a combined dataset of
75 compounds. This gave us a number of dataset compositions
that we use throughout this manuscript:

● original dataset (60 compounds): DS60
● blind testing dataset (15 compounds): DS15
● combined dataset (75 compounds): DS75
On each composition, we performed grouped feature selection

using RFE based on random forests. Data were split into 10 cross-
validation folds (which differ per dataset composition), and on
each fold the process was repeated 100 times using varying
random seeds. From the resulting 1,000 top five groups per
dataset composition we report the ones that got selected most
often, cf. Table 2.
As we can see in Table 2, the top five feature sets FS60 and FS75

found for the original (DS60) and combined (DS75) dataset
compositions overlap in three out of five components. The
remaining two from each set (CATS3D_02_AP and Mor04m for
FS60, HOMO and E2s for FS75) do in fact come up in the other
dataset composition’s respective best feature sets list, just not in

Fig. 1 Structure-property landscape of 60 magnesium dissolution
modulators for the magnesium-based alloy ZE41. The axes
represent the two principal components (PC) resulting from the
kernel principal component analysis. Based on this map, untested
compounds of interest were selected for further investigation using
the ExChem routine. Twenty of the original 60 structures were
randomly chosen as `parents' (crossed circles), for which highly
similar compounds were determined out of a pool of commercially
available chemicals. The numbers indicate which of the selected test
candidates as defined in Table 1 correspond to which parents.
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first place. FS60 and FS75 were chosen in 38% and 30% of cases
respectively. The winning feature set FS15 for the blind testing
dataset composition DS15 on the other hand was chosen in only
12% of all runs, with a greater variation in included candidates.
This comes as no surprise, as 15 data points is quite few in most
machine learning contexts. The best features for the original
dataset, FS60, have no overlap with the blind testing set winners
FS15. From this we surmise a somewhat limited ability of FS60 to
accurately capture the specific properties of the blind testing
dataset, as well as a reduced capacity to generalise. The winning
feature set FS75 determined from the combined dataset composi-
tion includes descriptors from both FS60 and FS15. It is noteworthy
that HOMO, a DFT-derived descriptor denoting the highest
occupied molecular orbital energy level, was present in the
second best feature set for DS60, and came up in the shared first
place for best feature set in our original study10. This descriptor is
included in both FS75 and FS15 and seems to play a crucial role in
capturing properties of the presented corrosion inhibition dataset.
Feature selection robustness was furthermore investigated under

change of target metric (using inhibition power/dB instead of
inhibition efficiency/%,25) and exhibited qualitatively comparable
behaviour to the case we presented here. Since subsequent
predictive models trained on the thereby identified feature sets
did not lead to relevant performance increase, we elected to only
present inhibition efficiency/% results which are directly comparable
to our previous study10. Additional information regarding this metric
as well as results from the related feature selection process can be
found in the Supplementary Notes as well as Supplementary Table 1.

Generalisation ability of predictive models
One very important concern is the question of how well predictive
models trained on the original data are able to generalise and
capture the properties of completely unseen (i.e., blind testing)
data. To this end, we repeatedly fitted a deep neural network on
DS60, using only inputs based on the associated winning feature
set FS60. The training data were split into the same 10 cross-
validation folds that we used during the feature selection process,
and on each fold the network was trained 100 times using varying
random seeds. The blind testing dataset DS15 served as a
completely unseen test set. Figure 2 shows the distribution of
predicted inhibition efficiency values per compound in the blind
testing set, aggregated over all cross-validation folds and random
seeds. The detailed prediction means and standard deviations are
provided in Supplementary Table 2.
Only about half of the compounds in DS15 get predicted

correctly or within reasonable margins of error. The resulting root
mean squared error (RMSE) for the blind testing set is fairly high at
73 percentage points (pp), cf. Table 3 for more statistics. We can
see that the models have a tendency to underestimate inhibitors
(i.e., compounds with IE > 0), but overestimate accelerators, as can
be seen also in previous studies21,26. It is also notable that all but
two prediction means lie within approximately ± 50 IE, which is
where the majority of both the original as well as blind testing
target values are situated. It is a common problem in machine
learning that simply predicting the mean value of the target
variable distribution might lead to a lower training loss than trying
to find more complex dependencies. This behaviour can be

Table 1. Blind testing compounds.

Index Compound IE ZE41 / %

1 2-Amino-2-methyl-1,3-propanediol −152 ± 6

2 3-Aminophthalic acid −

3 3-Hydroxyacetophenone −33 ± 4

4 4-Hydroxybenzylalcohol −135 ± 3

5 4-Pyridinecarboxylic acid 40 ± 2

6 2,4-Dihydroxybenzoic acid −141 ± 2

7 3,4-Pyridinedicarboxylic acid 76 ± 1

8 D-Glucose −23 ± 2

9 Itaconic acid 64 ± 3

10 L-Sorbose 46 ± 2

11 L-Threonine −216 ± 10

12 Methylmalonic acid 35 ± 3

13 Pyridazine 16 ± 1

14 Tartronic acid −33 ± 4

15 Tricarballylic acid 50 ± 17

16 Vanillic acid −119 ± 13

Experimentally measured corrosion inhibition efficiencies for the selected
blind testing compounds. Compound 2 was excluded during the
evaluation phase as the required materials could not be delivered. The
initial pH of all tested compounds was adjusted to 7.0 ± 0.1 by NaOH
solution.

Table 2. Identified feature sets.

FS60 FS75 FS15

∗ P_VSA_MR_5 ∗ P_VSA_MR_5 E1s
∗ LUMO ∗ LUMO SHED_DL
∗ E1p ∗ E1p MATS6e

CATS3D_02_AP ∗∗ HOMO ∗∗ HOMO

Mor04m ∗∗ E2s ∗∗ E2s

Best feature sets identified by RFE. FS60 denotes the set found using DS60,
and so forth. Features that occur in more than one winning set marked
with single (overlap between FS60/FS75) and double (overlap between FS75/
FS15) asterisks respectively.

Fig. 2 Distribution of predictions across all cross-validation folds
and random seeds per compound in the blind testing set, for
neural networks trained on the original feature set FS60 and
dataset DS60. Boxes are coloured according to the compound’s
mean predicted IE values in %. Compounds are sorted by
descending mean experimental IE values, which are depicted as
coloured diamonds.
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indicative of overfitting or a suboptimal network architecture27.
Figure 3 shows the average predicted over experimental IE, with
the solid blue line representing the resulting linear regression
curve, and the orange dashed line marking the perfect fit.
Overall we can conclude that the model trained on the original

dataset, with features selected only for those data (denoted FS60/
DS60), is able to predict the behaviour of completely unseen
components only moderately well. This does not come as a huge
surprise for two main reasons: Firstly, there is no overlap between
FS60 and FS15. This need not necessarily mean that FS60 is entirely
unable to adequately capture the properties of compounds from
DS15, but it is an early indicator for results of reduced quality.
Secondly, with only 60 samples in the original dataset we have to
expect overfitting both for the feature selection process and
especially the training of deep neural networks. The network
architectures in Schiessler et al.10 where chosen to vary as little as
possible across a range of input feature counts, leading to
overparameterised networks especially when working with very
few features. With more fine-tuning of the network architecture
and training hyperparameters, improved results might well be
possible even on the blind dataset. However we can also make use
of existing outliers to both gain important insights into the
predictive domain of our models, as well as better understand the
involved corrosion processes, or even identify yet unknown
aspects of corrosion. In the following section we therefore include
an extensive discussion of several components that obtained
particularly conspicuous results.

Outliers
In Fig. 2 there are six compounds which are particularly salient,
and which we consider to be strong outliers from the perspective

of our deep learning models, cf. Fig. 4. These are compounds 9, 12,
and 15, which are moderate to strong inhibitors but get
qualitatively mispredicted as mild to strong accelerators, as well
as compounds 4, 6 and 16, which are very strong accelerators but
get predicted as only mild to moderate accelerators.
To better understand potential reasons why these compounds

appear as outliers for the prediction models, deeper insights into
their molecular structure shall be given. Analogously to Fig. 1, a
structure-property landscape was generated for the total dataset
of 75 compounds, where the compounds we consider to be
outliers are marked accordingly (see Fig. 4). Analysing the
resulting map, regions where compounds exhibit a similar
corrosion inhibition efficiency indicate a structure-property
relationship. Generally, it appears that corrosion accelerators are
predominantly on the left side of the map and corrosion inhibitors
on the right. Additionally, the structures are split into aliphatics
(top side of the map) and aromatics (bottom side of the map).
2,4-Dihydroxybenzoic acid (compound 6) is located in a cluster

predominantly populated by corrosion inhibitors, although
experimentally it turns out to be a strong corrosion accelerator.
It was still qualitatively correctly predicted as an accelerator.
Compounds 6 is projected directly on top of 3,4-Dihydroxybenzoic
acid, the strongest corrosion accelerator (-270% IE) of the original
dataset. However the strongest corrosion inhibitor present in the
blind testing set, 3,4-Pyridinedicarboxylic acid (compound 7), is
located in the direct proximity as well. Apparently both corrosion
inhibitors as well as accelerators contain mutual features in this
region, rendering them similar in structure, even though they
show different behaviours in the experiment. The trained models
recognised a corrosion accelerator based on the selected features,
but did not capture the subtle features that distinguish a strong
from a weak accelerator, which is why the IE was overestimated.
The overestimated IEs of 4-Hydroxybenzylalcohol (compound 4)
and vanillic acid (compound 16) are situated in the same area of
the map and can be explained accordingly. The structure-property
relationship is not obvious in this region, as the compounds
projected onto this area of the map exhibit structural features that
are connected to varying corrosion inhibition efficiencies.
Additionally, the experimental values of the three compounds 4,
6 and 16 lie at the lower edge of the target data distribution,
further complicating accurate predictions. Adding more data
points to this region, i.e., experimentally testing more compounds
that exhibit similar structural features, is likely to improve the
prediction performance for this domain.

Table 3. Prediction statistics.

Statistic FS60/DS60 FS60/DS15 FS60/DS75

RMSE 72.99 52.21 61.62

R2 0.36 0.74 0.64

r 0.60 0.86 0.80

p 0.02 < 0.01 < 0.01

Root mean squared errors (RMSE), coefficients of determination (R2),
correlation coefficients (Pearson’s r) and p-values of predictions on the
blind testing dataset, per feature set. RMSE is given in percentage points
(pp) w.r.t. the inhibition efficiency.

Fig. 3 Mean predicted inhibition efficiency values across all cross-
validation folds and random seeds for compounds in the blind
testing set, for neural networks trained using FS60/DS60. The solid
blue line marks the resulting linear regression curve, the dashed
orange line represents perfect fit.

Fig. 4 Kernel principal component analysis of the molecular
similarities for all 60 compounds of the original dataset (Training)
and 15 blind testing chemicals (Test). Compounds identified as
extreme outliers are marked accordingly (△) and illustrated along
with their measured (predicted) inhibition efficiency. Predictions
from FS60 / DS60 experiments.
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Analysis of compounds 9, 12 and 15 shows that they were
projected close to a region populated by weak corrosion inhibitors
and accelerators. All of these compounds yield a moderate IE in
the experiment and are mapped close to each other onto the
structure-property landscape. The significant underestimations of
the IEs probably stem from the absence of comparable corrosion
inhibitors in this region. Furthermore, the selected features do not
seem to capture the occurring structure-property relationship here
accurately. However, future predictions for this region of the
structure-property landscape are expected to improve with
additional data.

Generalisation ability of the winning feature sets
In order to guarantee comparability to Schiessler et al.10, we
abstained from adjusting network architecture and training details
in this work. Instead we examined the influence of using “better”
feature sets towards improving the predictive quality and ability
to generalise of our neural networks. In particular, we investigated
whether predictive models that were trained on the original
dataset DS60 could be improved if selected features were more
suitable for the blind testing data, i.e., when training occurred in
combination with FS15 or FS75.
Clearly this approach is not applicable in practice without

already having experimental values available for any data we wish
to investigate, as those values are already needed during the
feature selection process. Therefore the following results should
not be seen as claims to the predictive capabilities of our already
existing models. We can rather consider them as a lower bar on
how well we are able to do given feature sets that really generalise
well (recall that we still did not use the blind testing data during
training of these neural networks).
We repeated the training process for the neural networks, using

DS60 along with the same cross-validation folds as before as our
training data, and again aggregating predictions on the blind
testing set across all runs afterwards. The only difference was that
FS15 and FS75 features were used as input instead. With this
approach we hoped to improved predictive quality on the blind
testing compounds, as their most relevant properties now played
a direct role in adjusting the deep learning weights. Distributions
of predictions for the blind testing data generated by FS15 / DS60
and FS75 / DS60 models can be found in Fig. 5. Detailed prediction
means are provided in Supplementary Table 2.
In fact, in both cases we saw a drastic increase in accuracy with

much fewer outliers and reduced RMSE of 52 percentage points
(pp) and 62pp for the models using FS15 and FS75 respectively
compared to 73pp for the FS60 models, cf. Table 3. Especially in
the case of using features devised from only the blind testing data,

this RMSE is on par with what was presented in Schiessler et al.10,
but without ever seeing these data during the training process.
The hidden downside, however, is that FS15 / DS60 models

capture the qualities of the original dataset much more
inaccurately. The overall RMSE for predictions on both the blind
testing set and validation splits for this case is the highest of all
three at 80pp, opposed to 67pp for both the FS60 / DS60 and FS75 /
DS60 models.

Scalability
In order to further validate our approach we repeated the training
process with cross-validation splits drawn from the combined
dataset DS75 (the same that were used to determine FS75). In this
setup, there are no more blind testing data as they were
incorporated into the combined dataset, thus we only report
results aggregated from the respective validation sets per fold. At
64pp, the RMSE of the FS75 / DS75 models is on par with the mean
RMSE of 63pp reported in Schiessler et al.10, demonstrating that
previous results can be replicated with different training sets and
were not a consequence of for example overfitting.
From a machine learning perspective, a 25% increase of the

dataset is not huge, and most likely the properties of the original
data will still dominate overall results. From an experimental point
of view, however, a great amount of time and effort went into
performing the required analyses and already slight improve-
ments in predicting the inhibition efficiency of organic com-
pounds go a long way. At any rate we were able to increase the
domain of applicability of our predictive models by virtue of the
combined dataset, confirming the scalability of our method.

Discussion
In this work we investigated how well the predictive model that
performed best in our previous study10 holds up under blind
testing. To this end, 15 previously unused compounds were
randomly selected using the ExChem Routine21 and their
inhibition efficiencies w.r.t. the magnesium alloy ZE41 were
experimentally determined using the setup presented by Lamaka
et al.24, forming the blind testing dataset DS15.
Feature selection based on RFE suggested that the five features

determined via the original dataset DS60 might not be able to
generalise very well as there was no overlap between the winning
feature sets for DS60 and DS15. However, when regarding both the
original and blind testing data in the form of a combined dataset
DS75, winning features were a 3:2 mixture from the winners of
both individual sets, indicating that the feature selection process is
indeed robust and scalable when further information is added. It is

Fig. 5 Distribution of predictions across all cross-validation folds and random seeds per compound in the blind testing set, for neural
networks trained using FS15/DS60 (left) and FS75 / DS60 (right). Boxes are coloured according to the compound’s mean predicted IE values in
%. Compounds are sorted by descending mean experimental IE values, which are depicted as coloured diamonds.
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notable that the DFT-derived descriptor HOMO came up in the
runner-up second best feature set for the original data, and was
included in winning sets for both the blind testing and combined
dataset compositions, and in general seems to contain important
information w.r.t. the inhibition efficiency properties of magne-
sium dissolution modulators.
Predictive modelling using deep neural networks trained on the

original dataset and feature set confirmed that the originally
selected descriptors showed only moderate success in correctly
identifying the IE of the blind testing compounds. Training the
networks on the newly identified feature sets managed to
drastically improve the predictive quality even though the blind
testing data themselves were only used during the feature
selection step but never included in the training process. In
summary we conclude that the identified feature sets are not yet
able to thoroughly cover large parts of chemical space of potential
additive components and need to be updated on a regular basis
as more and more experimental data become available. Yet, even
when given knowledge only about a very limited amount of data,
our method already has a demonstrated predictive power in
estimating the inhibition efficiency of magnesium dissolution
modulators. Scalability of the method was confirmed via training
the neural networks on the combined dataset composition.
In general, the architecture of the neural networks appears to

be overparameterised given that we only used a total of five input
features for training. This occurred in order to ensure compar-
ability to the original setup presented in our previous study10. We
aim to address this in future works using automated neural
architecture search such as developed by Schiessler et al.28 which
can be helpful in choosing a better suited network topology while
limiting the risk of overfitting on the training data. One issue with
regression type machine learning is that there is less punishment
during the learning process when the model qualitatively
mispredicts target values (e.g., a positive target value is predicted
to be negative and vice versa). This can be mitigated using
classification type models, however, once higher levels of
granularity are desired (e.g., for discerning between moderate
and strong accelerators or inhibitors), custom loss functions are
required that take into account ordered classes.
Another goal for future extensions is to further explore outlier

detection using other related approaches such as autoencoders
which are restricted to the features used in the machine learning
models, as was briefly touched upon in Schiessler et al.10.

METHODS
Corrosion experiments
Since the dataset used to train the initial deep neural network in
this study was extracted from the work of Lamaka et al.24, the
model validation by blind testing was carried out with the same
experimental setup and under the same conditions. The inhibition
efficiency (IE) of the compounds selected by the ExChem routine
was calculated based on hydrogen evolution tests, in which the
amount of evolved hydrogen due to the corrosion of magnesium
is measured during immersion in a NaCl solution. 0.5 g of ZE41 Mg
chips with the surface area of 490 ± 15 cm2 g−1 from the same
batch used in Lamaka et al.24 were immersed in 0.5 wt.% NaCl
solution without (reference solution) and with the untested
compounds, respectively. The chemical composition of the ZE41
chips used for our experiments was identical to the work of
Lamaka et al.24 and is provided in Supplementary Table 3. The
concentration of compounds was 0.05 M and the pH of solutions
was adjusted to 7.0 ± 0.1 by adding NaOH. Compound 3 (3-
Hydroxyacetophenone) was used at its saturation, which was
measured as 0.03 M. Since compound 1 (2-Amino-2-methyl-1,3-
propanediol) has alkaline properties, 0.05 M of this chemical was
first dissolved in an HCl solution with a Cl− concentration

equivalent to that of a 0.5 % NaCl reference solution. This
solution’s pH was then adjusted to 7.0 ± 0.1 with NaOH, similar to
the other solutions.
The hydrogen evolution measurements were repeated three

times for each solution and the mean of the calculated IEs was
used for the corresponding blind test data point. IE is defined as
follows

IE ¼ V0
H2

� V Inh
H2

V0
H2

� 100% ; (1)

where V0
H2

and V Inh
H2

are the volumes of H2 evolved after 20 h of
immersion in the reference NaCl solution and the NaCl solution
containing the investigated chemical compound, respectively.
More details on the hydrogen evolution tests are available in the
original publication by Lamaka et al.24.

Molecular similarity
We selected suitable blind test candidates by using the ExChem
routine21. ExChem exploits molecular similarities to find structu-
rally similar chemical structures in a given database with respect
to a selected chemical compound of interest. We calculated the
underlying molecular similarities using the Smooth Overlap of
Atomic Positions (SOAP) kernel that represents a high-dimensional
similarity representation for the considered molecular com-
pounds22,23. For each given compound, a local environment is
first defined in a spherical region of radius rc around each atom
and then built by a superposition of Gaussian functions with width
ξ. The structural information around an atom that flows into the
similarity measure is directly dependent on the size of rc.
Calculating the translationally and rotationally invariant overlap
between two local environments results in the SOAP kernel. The
kernel can be further raised to a power ζ for improved
discrimination between small or large similarities. Averaging over
all local atomic environments enables the calculation of a global
similarity measure that contains the molecular similarities
between all chemical structures in a given dataset.
Interpretation of the molecular similarities in high-dimensional

space was facilitated by projection to a two-dimensional latent
space and correlation with experimental data. Distant (dissimilar)
or close (similar) structures in the high-dimensional space
maintain their relationships in the low-dimensional space. By
evaluating the relative positions of compounds with respect to the
formation of clusters in the two-dimensional similarity landscape,
we can reveal existing structure-property relationships.

Feature generation
First, the geometries of the 15 blind test molecules were
optimized using the quantum chemical software package
Turbomole 7.4.29 at the TPSSh/def2SVP30,31 level of density
functional theory. The optimized structures were subsequently
used as input for the cheminformatics software package alvaDesc
1.032 and combined with six properties (HOMO, LUMO, HOMO-
LUMO gap (ΔEHL) as well as Cp, Cv, μ calculated at 293 K) that are
directly derived from the output of the performed DFT calcula-
tions to generate the same pool of 1260 molecular descriptors
that have been used in our previous work10.

Feature selection
In Schiessler et al.10, features (i.e. molecular descriptors) were
selected using both ANOVA11–14 and recursive feature elimination
(RFE15) with a random forest regressor16–18 as the underlying
selector, and the corrosion inhibition efficiency as the target
variable. RFE is a feature selection method that fits a specified
regression (or classification) model given the available training
data, and then determines a number of features that least
influence the predictive result. These features are excluded from
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the available pool, and the whole process is repeated until only
the desired number or features remain.
Both methods were used to identify the group of top three, five,

as well as 63 (i.e. top 5%) features. In all cases, the experiments
were performed 100 times with a fixed train-test split of the
available dataset, and then the group was determined that got
selected most often (i.e., the selection mode). Subsequent
predictive models trained on the various feature groups identified
the set of five features as determined by RFE to be the most
relevant w.r.t. predictions of inhibition efficiency of the available
dataset. A full 10-fold cross-validation analysis confirmed both the
composition of the top performing group as well as its status as
most relevant set of features for predictive modelling.
In this work, we investigated the robustness of previous feature

selection results under expansion of the training data. The 15
compounds listed in Table 1 were added to the original dataset
used in Schiessler et al.10, resulting in a combined dataset of 75
compounds. The resulting dataset compositions were denoted by
DS60, DS15 and DS75, respectively.
Since in Schiessler et al.10 features selected by ANOVA and

groups of three features found by RFE produced significantly
worse results when used in predictive modelling, and the set of 63
features showed signs of having a high noise-to-signal ratio, we
focused our robustness analysis on grouped selection using RFE
for groups of five features only.
For each dataset composition, we repeated the steps described

in Schiessler et al.10, running RFE 100 times using various random
seeds per cross-validation fold, in order to select the grouped top
five features per setting. Cross-validating experiments, such as we
are doing, means splitting available datasets into n equal parts,
called the folds33. The same experiment is then run n times, where
a different portion of the data is withheld each time and serves as
validation set for this fold. In the end, predictive results on the
validation sets are averaged across all folds. This method is
especially relevant when working with small datasets, to reduce
overfitting and to reduce the influence of potential outliers that
may be contained withing the data19,20.
On DS60, the cross-validation folds reported in our previous

study10 we re-used. On the other dataset variations, separate folds
were drawn. Note that DS15 on its own, consisting only of
15 samples, is too small to expect consistent results under cross-
validation. The winning feature sets where the ones that got
selected most often per cross-validation fold and random seed.
We named these FS60, FS75 and FS15, respectively.

Predictive modelling
As before in Schiessler et al.10, we used deep learning to evaluate
the relevance of identified feature sets for predicting inhibition
efficiency of magnesium modulators. Since we restricted the feature
selection process to sets of five features, only the architecture for
what were called ‘small’ networks in Schiessler et al.10 was reused.
Our deep learning networks thus consist of the following layers:

● An input layer accepting inputs from the selected five
descriptors

● A Gaussian noise layer with hyperparameters μ= 0 and
σ= 0.1

● Three fully connected layers with 50, 20, and 10 units,
respectively, all using relu activation

● An output layer with one unit and no activation

The Gaussian noise layer adds some randomness to each input
during training, drawn from a normal distribution with mean μ
and standard deviation σ, which helps to counter the risk of
overfitting on the training data. This layer is only active during the
training phase. The networks were trained for 25 epochs using an
Adam optimiser with learning rate 0.01, and mean squared error
(MSE) as the loss function.

As a preprocessing step, all data that get passed through the
networks were scaled using min-max-scaling, with the target
variable being scaled into the range [0, 1], and the input variables
into the range [− 1, 1].
We applied the same cross-validation folds that were used

during the feature selection process. On each fold and setting, the
same architecture was trained 100 times using different random
seeds. Detailed software specifications are included in the
Supplementary Notes.
For statistical analyses such as calculating the root mean

squared error (RMSE) of the models, predictions for each
compound were first averaged across all cross-validation folds
and random seeds. Note that for the scalability analysis presented
in Section Scalability, the blind testing data were included in the
cross-validation folds. Analyses in this section were therefore not
performed specifically on the blind testing data, but on the
validation set results from each cross-validation fold.
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SUPPLEMENTARY NOTES

Feature Selection Robustness under Change of Target Metric

In Kokalj at al. 1, the authors discuss advantages and disadvantages of using inhibition efficiency as a performance target
measure for magnesium corrosion modulators. They conclude that even though inhibition efficiency is normalised for inhibitors
and has a strong relation to molecular surface coverage „, its high non-linearity is a distinct disadvantage.

Inhibition efficiency ” is defined in Kokalj et al. 1, Eq. (15), as

” =
Rinh

p − Rblank
p

Rinh
p

; (1)

where Rinh
p denotes the “mean polarised resistance of the inhibited sample and Rblank

p is the mean value of the blank, non-
inhibited sample” (cf. Kokalj et al. 1, Section 2.3.1).

The authors aim to mitigate some of the disadvantages of inhibition efficiency by introducing a modified measure via
logarithmic transformation that they name inhibition power. While inhibition efficiency describes a percentage, inhibition
power is given in decibel.

Inhibition power Pinh is defined in Kokalj et al. 1, Eq. (16), as

Pinh = 10 · log10
 
Rinh

p

Rblank
p

!
: (2)

From a re-ordering of equation (1) such that

” =
Rinh

p − Rblank
p

Rinh
p

⇔ Rblank
p = Rinh

p (1− ”)

the argument of the logarithm in equation (2) becomes

Rinh
p

Rblank
p

=
Rinh

p

Rinh
p (1− ”)

=
1

1− ”
:

We can thus express inhibition power Pinh in terms of inhibition efficiency ” as

Pinh = 10 · log10
„

1

1− ”

«
: (3)

Conversely, inhibition efficiency ” can be expressed in terms of inhibition power Pinh via

” = 1− 10−Pinh=10:
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We repeated the feature selection procedure using the three datasets DS60, DS15 and DS75 as discussed in the main manuscript
with the experimental inhibition efficiency target values converted into inhibition power as described in equation (3). The
winning feature sets can be found in Supplementary Table 1.

As with inhibition efficiency as target metric, we see some overlap between the best feature set for the combined dataset,
FS75P, and the other two, but none between the winning sets for the original and blind sets, FS60P and FS15P respectively.

It is furthermore notable that the winning sets discerned from the original dataset for both target metrics, FS60 and FS60P,
overlap in four out of five features. The remaining two descriptors, CATS3D 02 AP for inhibition efficiency and H3m for
inhibition power, came up in the corresponding second best sets of the respective other metric. This overlap of winners
between metrics occurs for FS75 and FS75P in three out of five, and for FS15 and FS15P in two out of five features.

Again the DFT derived descriptors HOMO and LUMO, denoting the highest occupied and lowest unoccupied molecular
orbitals, seem to play an important role in capturing corrosion inhibition properties of the regarded datasets.

Settings for the Computational Experiments

Our experiments were performed on a virtual machine running on a 24-core 2.1 GHz Intel Xenon Scalable Platinum 8160
processor, equipped with a Tesla V100 GPU card and 16GB of memory.

We used the following software packages and versions to run the associated code and analyses:

• keras 2.4.0

• numpy 1.21.5

• pandas 1.4.2

• python 3.8.2

• scikit-learn 1.1.0

• scipy 1.4.1

• tensorflow 2.3.0

SUPPLEMENTARY TABLES

Feature Selection using the Inhibition Power Target Metric

Supplementary Table 1 contains the results of the feature selection process when performed using inhibition power as its target
metric. Results are discussed above in the supplementary notes.

Supplementary Table 1: Top 5 feature sets identified by RFE when using inhibition power as target metric. FS60P denotes the
set found using DS60, and so forth. Features that occur in more than one winning set are highlighted
in grey scale.

FS60P FS75P FS15P

P VSA MR 5 P VSA MR 5 E1s
LUMO LUMO P VSA LogP 3
E1p HOMO HOMO
H3m Mor30p Mor30p
Mor04m Mor14s TDB05s

Detailed Predictive Results

Supplementary Table 2 contains the experimental inhibition efficiency values as well as mean predictions on the blind set per
compound and feature set configuration. The means are aggregated over all cross-validation folds and random seeds. All
models were trained on the original dataset DS60.

Predictions from the FS75 / DS75 experiments (cf. the section on Scalability) are not included in Supplementary Table 2 as
the blind set was integrated into the combined dataset and resulting cross-validation folds used during training, and thus no
longer exists in the sense of a separate set.

Chemical Composition of ZE41

The elemental composition of the ZE41 used in this study is provided in Supplementary Table 3. The values were taken from
Lamaka et al. 2
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Supplementary Table 2: Experimental and mean predicted inhibition efficiency values in % and standard deviations per feature
set/dataset combination, averaged over all runs and cross-validation folds.

Compound Experimental FS60 / DS60 FS15 / DS60 FS75 / DS60

1 2-Amino-2-methyl-13-propanediol −152 ± 6 -170 ± 21 -122 ± 16 -138 ± 14
3 3-Hydroxyacetophenon −33 ± 4 10 ± 11 -31 ± 13 -1 ± 14
4 4-Hydroxybenzylalcohol −135 ± 3 -32 ± 11 -148 ± 27 -61 ± 20
5 4-Pyridinecarboxylic acid 40 ± 2 1 ± 10 -53 ± 15 -6 ± 12
6 2,4-Dihydroxybenzoic acid −141 ± 2 -13 ± 14 -114 ± 24 -36 ± 21
7 3,4-Pyridinedicarboxylic acid 76 ± 1 13 ± 11 13 ± 12 8 ± 12
8 D-Glucose −23 ± 2 -15 ± 18 -37 ± 17 3 ± 22
9 Itaconic acid 64 ± 3 -18 ± 13 26 ± 13 16 ± 11
10 L-Sorbose 46 ± 2 47 ± 17 -6 ± 15 24 ± 13
11 L-Threonine −216 ± 10 -174 ± 17 -97 ± 16 -118 ± 12
12 Methylmalonic acid 35 ± 3 -53 ± 14 -2 ± 17 -15 ± 15
13 Pyridazine 16 ± 1 -29 ± 13 -40 ± 18 -23 ± 16
14 Tartronic acid −33 ± 4 -1 ± 12 14 ± 17 20 ± 12
15 Tricarballylic acid 50 ± 17 -54 ± 16 12 ± 14 -3 ± 13
16 Vanillic acid −119 ± 13 3 ± 11 -129 ± 22 -20 ± 16

Supplementary Table 3: Elemental composition of ZE41 as published by Lamaka et al. 2. The values are given in ppm or in
weight percent (wt.%) when indicated.

Element amount

Ag 9.00 ± 2.00
Al 144.00 ± 10.10
Ca 27.00 ± 0.30
Ce 0.65 ± 0.03 %
Cu 19.00 ± 0.50
Fe 15.00 ± 8.30
La 0.42 ± 0.02 %
Mg 93.75 ± 0.17 %
Mn 79.00 ± 2.20
Nd 0.24 ± 0.01 %

Element amount

Ni 7.00 ± 4.70
Pb 7.00 ± 4.00
Pr 647.00 ± 36.00
Si 2.00 ± 2.00
Sn 49.00 ± 2.80
Th 0.29 ± 0.003 %
Ti 12.00 ± 1.30
Y 50.00 ± 0.00
Zn 4.20 ± 0.10 %
Zr 0.30 ± 0.01 %
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We present ECToNAS, a cost-efficient evolutionary cross-topology neural architecture search algorithm
that does not require any pre-trained meta controllers. Our framework is able to select suitable network
architectures for different tasks and hyperparameter settings, independently performing cross-topology op-
timisation where required. It is a hybrid approach that fuses training and topology optimisation together
into one lightweight, resource-friendly process. We demonstrate the validity and power of this approach with
six standard data sets (CIFAR-10, CIFAR-100, EuroSAT, Fashion MNIST, MNIST, SVHN), showcasing the
algorithm’s ability to not only optimise the topology within an architectural type, but also to dynamically
add and remove convolutional cells when and where required, thus crossing boundaries between different net-
work types. This enables researchers without a background in machine learning to make use of appropriate
model types and topologies and to apply machine learning methods in their domains, with a computationally
cheap, easy-to-use cross-topology neural architecture search framework that fully encapsulates the topology
optimisation within the training process.
Keywords: neural architecture search, evolutionary algorithm, topology crossing, structured pruning, sin-
gular value decomposition

1. Introduction

Deep learning as a tool to understand complex relationships within data sets and make predictions on unseen data has
been around since the advent of machine learning. In recent years it has become more and more popular not only in
a huge number of scientific fields but also for example in commercial applications, which in turn again attracts more
people to the idea that making use of deep learning can be beneficial for them. Yet while it may be becoming easier to
get started on deep learning, actually using it to achieve ‘good’ results can hinge on a variety of factors.

One of these crucial aspects is selecting an adequate network architecture, which also means deciding which types of
architectural elements should be included. The optimal choice may be highly dependent on the specific task and data set,
and even with expert deep learning knowledge finding said optimum can require hours and hours of computation time.
Especially in applied sciences there are often limits to the available computational budget for deep learning. Additional
difficulties may include an unclear task definition, a limited amount of training data, or data that is of mixed types (e.g.
image data combined with additional measurements in medical applications).

Neural architecture search is a specialised branch of automatic machine learning (auto ML) that aims to mitigate some
of these problems by limiting the required amount of human expert knowledge. It can be applied to independently find
the ideal network architecture given the specified task and available data.

This work extends our previously published method called the Surgeon 1, which introduced a resource-friendly neural
architecture search algorithm for multilayer perceptrons, also known as feed forward neural networks (FFNNs), that
works especially well on restricted computing resources and limited training data. We combine it with network growth
operations from Chen et al. 2 and state of the art, resource-friendly structured pruning techniques based on Liu et al. 3 .
The result is ECToNAS, a cost-efficient evolutionary cross-topology neural architecture search algorithm that works as a
stand alone method and in particular does not require pre-training any high level selector algorithms or meta controllers.
It re-uses network weights between different candidates, and integrates training of the final architecture within the search
process, thus reducing the hypothetically required amount of training time by around 80% when compared to re-training
each candidate network from scratch.

We provide two different modes that can be applied as per user requirements. Standard ECToNAS focuses on maximis-
ing the specified target metric (such as validation accuracy), and manages to outperform the naive baseline throughout
all our experiments. By setting a so-called greediness parameter it is possible to influence ECToNAS’s scoring function
such that more compressed network architectures might get favoured even at the cost of a small reduction in target

∗ equal contribution
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metric. With this mode we are able to shrink network parameter counts by up to 90% while losing only around 5-7
percentage points (or less) in target metric results compared to the greedy version.

Figure 1: Graphical representation of the ECToNAS algorithm

ECToNAS is able to select suitable network architectures for different tasks and hyperparameter settings, and inde-
pendently performs cross topology optimisation where required. By this we mean that starting from one topology type,
such as a convolutional neural network (CNN), the combined training and topology optimisation may result in a different
type of network, such as a standard FFNN, and vice versa.

The underlying code can be accessed via https://github.com/ElisabethJS/ECToNAS.
In this work we showcase the possibilities of re-using network weights in conjunction with cross topology optimisation

and an evolutionary algorithm, and present some primers for further studies.

2. Related Works

Early versions of neural architecture search (NAS) have been around since at least Tenorio and Lee 4 . The idea of
automated NAS for deep learning has been revitalised with groundbreaking works by Zoph and Le 5 and Liu et al. 6 ,
which have seen a huge number of extensions in various directions7, often relying on weight sharing between different
network candidates8–14.

Evolutionary algorithms that continuously optimize and evolve network topologies seem to be a promising approach15.
However while reproduction-style algorithms such as Xue et al. 16 might be quite successful in their use of ResNet17

and DenseNet18 blocks, they rely on re-training from scratch an exponential amount per generation (23 GPU Days for
CIFAR-10). More resource-aware approaches rely on incorporating pruning into the training process19 or departing from
the traditional two-stage setup, where first the optimal architecture is identified and then it is retrained from scratch
and evaluated11.

Pruning techniques can be roughly categorised into unstructured or structured approaches20. Unstructured pruning
regards each connection within a neural network individually and identifies those that may be set to zero, leaving the
overall sequence of layers and their topological specifics intact. The majority of publications on pruning techniques
focuses on unstructured pruning which can show great results by using methods such as learning rate rewinding21

or knowledge extraction22. Many attempts are made at reducing the required amount of retraining3;23;24, with some
focussing on various low-cost approximations and single shot estimators25–31.

Structured pruning on the other hand aims to identify topological elements that can be removed completely. While
there are some structured pruning approaches that are applied post training32;33, others introduce additional regulariza-
tion terms that promote desired sparsification already during training34;35. As an intermediate between structured and
unstructured pruning, Zhang et al. 36 uses filters to align network elements.

NAS for image classification traditionally almost exclusively focuses on achieved validation accuracy as the target
metric for deciding between various available model structures. In recent years, loss based evaluation metrics have
been successfully applied especially when comparing model proxies instead of fully trained models25–27;37, with Ru
et al. 38 concluding that loss might in general be favourable over accuracy for candidate evaluation. None of the above
approaches directly consider the number of network parameters in their decision metric, which can lead to quite large
and over parameterised final architectures39. Some works penalise network size through different strategies, such as
including some form of efficiency term within their loss function19.

A truly merged cross-architecture NAS system such as ECToNAS has hitherto not been proposed to the best of our
knowledge.

3. Methods

We begin by explaining the underlying methods and techniques that ECToNAS is built upon. The steps for manipulating
multilayer perceptrons which were introduced in the Surgeon 1 and are used without further refinement or modification
are briefly summarised in Appendix A.1. A graphical representation of the ECToNAS algorithm is provided in Figure 1.
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3.1. Genetic Neural Architecture Search

Genetic algorithms (also called evolutionary algorithms) are inspired by natural processes such as evolution and mutation.
A population of individuals competes towards some predefined goal, and the fittest members are able to reproduce and
pass on (some of) their defining elemental structures. ECToNAS is a genetic algorithm that cyclically generates child
populations Ci of neural network architecture candidates based off a number of parent networks Pi using mutation
operations. A high level code summary is provided in Algorithm 1.

Algorithm 1 ECToNAS

1: function Run(starting topology t0)
2: pre-train t0 (warm start)
3: initialise parent generation P0 = {t0}
4: while termination criteria not met do
5: # Mutation phase
6: for each individual p in parent generation Pi do
7: create potential offspring op, reject degenerates

8: offspring from all parents form child generation Ci =
⋃

p∈Pi
op

9:

10: # Competition phase 1
11: determine best competitor per operation type
12:

13: # Competition phase 2
14: determine best remaining children C∗

i from all types
15:

16: # Evolution phase
17: winning children become new parent generation Pi+1 = C∗

i

18: perform final selection to determine optimised topology tfinal

19: return tfinal

These mutation operations not only change the network architecture (by adding or reducing neurons, channels or even
whole layers), but also manipulate network weights in such a way as to incur minimal possible change in input-output
behaviour between a parent and its modified offspring. This means adjusting network weights to fit to new shapes
while preserving the maximal amount of information possible. The child generation then runs through two bracket style
competitions in order to select the fittest individuals, which in turn become the new parent generation. Training occurs
during the competition phases. The algorithm terminates when the allowed computational budget is spent.

We split selecting the fittest candidates into two phases in order to increase fairness during the selection process. More
drastic changes will usually come at the cost of a somewhat reduced accuracy score, for which the network candidates
need some training time to recuperate. Furthermore, smaller networks are able to converge faster than larger ones. Thus
at first we only compare children that have undergone the same type of mutation, which all should have roughly the
same pace of convergence.

In phase 1 of the competitions, only children of the same mutation type (for example adding channels to a convolutional
layer) compete against each other, producing one winner per mutation type. Each pool of competitors is divided into
pairs of 2 candidates. These receive a few epochs of training, then the one with the lower fitness score is eliminated from
the pool.

In phase 2, all remaining offspring compete against each other, producing n winners C∗
i that in turn form the new

parent generation Pi+1. n is a hyperparameter that can be set by the user. Higher n potentially yields better results
as more individuals are retained in the parent generation, thus allowing ECToNAS to search a larger population of
candidates, which in turn also increases the computational cost of the algorithm.

Training phases are already integrated into the competition process, and generating offspring re-uses already learned
network weights, thus greatly reducing the required amount of training. Compared to the Surgeon 1, ECToNAS requires
less overall training time and can access a much larger search space. Next to fully connected and various adaptor layers,
ECToNAS’s search space also includes convolutional, pooling, as well as batch normalisation layers, thus also allowing
different topologies. It is able to independently decide which architecture type is best suited for the provided training
data and task, and can add or remove structural elements as required and even change the type of network topology
altogether.

3.2. Available Network Operations

During the mutation phase of Algorithm 1, ECToNAS has a number of modification operations available to generate
mutated offspring from any given parent network. By design, these modifications change the network architecture as well
as relevant weights, such that the overall input-output behaviour changes as little as possible. Chen et al. 2 have shown
that under piecewise linear activation functions (such as relu), adding units to dense layers, channels to convolutional
layers or even whole convolutional or dense layers can be performed with zero change to the overall network output. In
Schiessler et al. 1 , we demonstrated how to use singular value decomposition (SVD) to remove units from dense layers,
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Competition phase 1

Competition phase 2

Figure 2: Bracket style competitions.
Top: In phase 1, one winning candidate is selected per mutation type.
Offspring are randomly paired into groups of two out of their assigned
pools, lucky tickets occur in case of an odd number of competitors.
Bottom left: In phase 2, n overall winners are selected from phase 1
winners. Here, n = 2. These will form the next parent generation.

or remove whole dense layers with as little information loss as possible. Summaries of these operations are included in
Appendix A.1.

Unfortunately SVD cannot be easily extended towards convolutional layers. Instead we look at available pruning
techniques. Since we do not wish to set individual connecting weights to zero, but actually remove all incoming and
outgoing weights of for example a convolutional channel, we need to apply a structured pruning technique, see Figure
3. As discussed in Section 2, such methods often require expensive search algorithms, a large amount of re-training, or
both; neither of which is feasible as each operation for ECToNAS which will get performed hundreds of times.

Figure 3: Example of a three layer CNN. Remov-
ing a channel from L1 (coloured pur-
ple) affects all incoming and outgoing
connections of that layer. Created us-
ing LeNail 40

Figure 4: Left: Outgoing weights from the last convolutional layer are
re-ordered by the flatten layer. Only one channel is depicted.
Right: We mimic max pooling with stride 2, kernel size 2 on
the outgoing weights of the last convolutional layer. White
blocks are discarded.

Liu et al. 3 propose a pruning technique for convolutions based on the parameters of the following batch normalisation
(BN) layer given by

y = γ
x− µ√
σ2 + ϵ

+ β, (1)

with input x, µ and δ representing the mean and standard deviation of the current mini-batch, scaling factor γ and offset
factor β. There is one γ and β in a BN layer per channel in the previous convolutional layer. Liu et al. 3 argue that a
small γ means that the corresponding channel has little influence on the layer’s total output, and can thus be set to zero.
The affected channel’s β value is added to the bias term of the following layer. We adopt this idea and thus always pair
convolutional with BN layers. When removing channels from a convolutional layer, we identify and cut away the ones
corresponding to the smallest γ values, while adding the β term to the following layer’s bias term. Similarly, removing a
whole convolutional layer means cutting out the whole layer channel by channel. This type of operation greatly affects
the overall input-output behaviour, and the weights of the newly generated child network are thus at best a warm start
for further training, however we still find that this technique produces acceptable results and works as a trade off between
computational cost and not having to completely re-train from scratch. In Liu et al. 3 , the L1-penalty of γ is added to
the loss function in order to promote pruning capabilities. Since this is not our main intent, we skip this term.

This leaves us with one more operation that we wish to include, namely pooling. Pooling layers work fundamentally
different than all other layers we have discussed so far, as they have no weights of their own and cannot be initialised
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to maintain overall input-output behaviour of the network. In terms of implementation, modifying a pooling layer does
not affect the weights of successive convolutional layers (which are independent of respective input shapes), instead we
need to look towards the first subsequent dense layer, which may be many steps down the line. We find that aggregating
the input weights to the first dense layer as if we had applied the relevant pooling operation (that means using the same
stride and aggregation function, see Figure 4) produces acceptable results and can again be seen as a warm start towards
re-training. A more detailed explanation is included in Appendix A.2. Conversely, when removing a pooling layer we
simply copy the incoming connections to the dense layer such that applying the pooling operation again would yield the
original weights.

Adding convolutional layers without pooling drastically increases the overall network parameter count. Since we
already always pair convolutional with BN layers, we instead define convolutional cells as fixed elements that may be
added or removed only as a whole. Such convolutional cells are thus made up of the following combination (and order)
of layers: convolution - pooling - batch normalisation - activation. Finally this gives us the pool of allowed network
operations:

• Identity

• Add/remove dense layer

• Add/remove units to dense layer

• Add/remove convolutional cell

• Add/remove channels

These operations define the theoretical search space from which ECToNAS can identify winning topologies. In practice,
the search space is further restricted by the provided starting topology and available computational budget.

3.3. Architecture Evaluation

Choosing a good balance between greedily optimising for validation accuracy or also rewarding smaller networks is not a
trivial problem, as the optimal solution is not clearly defined and heavily dependent on available computational resources
and task specifics. While validation accuracy has a clearly defined range of [0, 1] with 1 being the ultimate goal, there
exist no hard limits nor a ubiquitously desirable optimum on network parameter count. Similarly when regarding loss
instead of accuracy we not only have to change the goal towards decreasing the metric, but also keep in mind that
achievable loss does not have a universal upper bound either.

In its fitness function, the Surgeon 1 weighs validation accuracy v against a function of accuracy gain ∆v and parameter
fraction ∆p (both calculated with respect to a candidate’s parent), amounting to v + exp(∆v)/ exp(∆p). This is based
on Cai et al. 41 ’s rationale that ‘a 1% increase in validation accuracy should yield a higher gain if it occurs from 90%
to 91% instead of 60% to 61%’. We find that the decision of how much focus to place on each aspect cannot be made
globally and therefore make it dependent on a user choice parameter α ∈ [0, 1]. ECToNAS thus has two modes: greedy
(α = 1) and balanced (α < 1). The resulting fitness score s is given by

s =

{
v α = 1

α∆v − (1 − α)∆p α < 1
(2)

where again ∆v and ∆p are computed wrt. the candidate’s parent. Note that competition phase 1 in Algorithm 1 is
always evaluated greedily, and the balanced version is used in phase 2 if desired.

4. Experiments

We choose six different starting topologies for ECToNAS, three of which already contain one or more convolutional cells.
The rest are simple feed forward neural networks of various sizes. Both the FFNNs and the topologies already containing
one or more convolutional cells are further categorised by sizes (‘small’, ‘medium’ or ‘large’), amounting to a total of 6
possible combinations. We perform 10 runs on each starting topology, with a computational budget of 1,000 total epochs
per run for purely greedy mode (α = 1) as well as in two non-greedy variants (α = 0.5 and α = 0). For our baseline
we use standard training for 200 epochs performed on the same starting topologies. Experimental results are reported
in detail for a fixed random seed and repeated twice more using different random seeds to confirm overall trends and
reduce potential deterministic effects. Detailed descriptions of the starting topologies and further hyperparameters are
included in Appendix C.2.

As an additional ablation study we deactivate the decision score and instead randomly select the winner in each
competition bracket, which we call random mode.

Our experiments are performed across several standard image classification data sets: Cifar 10 & 10042, Eurosat43;44,
Fashion MNIST45, MNIST46, SVHN Netzer et al. 47 . Details on these data sets can be found in Appendix C.1. 10% of
each training set are set aside as validation data, and a further 10% as test data in case no separate test split is available.
Training and validation data are used by ECToNAS, the set aside test sets are only used for final evaluation purposes.
ECToNAS keeps track of validation accuracy during training and uses these scores in the fitness function, as is discussed
in section 3.3.
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In Table 1 we compare the mean test accuracies over all runs per data set achieved by ECToNAS on greedy setting
(E, α = 1) with the baseline (B) and random mode (R). On the test set, ECToNAS outperforms the baseline in all
cases, whereas the random mode scores similarly or slightly worse than the baseline with a small to moderate increase
in average parameter count of the final architectures. Note that the parameter count of the baseline corresponds to that
of the starting topologies, as these are not changed during standard neural network training.

Test set accuracy [%] Parameter count

Data
set

Mode
E B R E B R

CIFAR-10 54.2 ± 3.4 46.3 ± 4.7 47.1 ± 3.5 100 K 77 K 74 K
CIFAR-100 20.6 ± 3.1 16.0 ± 1.9 14.8 ± 3.8 97 K 78 K 80 K
EuroSAT 78.1 ± 10.5 70.8 ± 20.0 67.6 ± 15.2 301 K 303 K 283 K
FashionMNIST 87.2 ± 1.5 86.8 ± 1.4 85.3 ± 2.7 43 K 28 K 29 K
MNIST 98.3 ± 1.6 97.6 ± 2.2 96.0 ± 3.4 43 K 28 K 29 K
SVHN 77.2 ± 5.1 66.4 ± 13.0 66.6 ± 10.2 68 K 77 K 77 K

overall 69.3 ± 26.0 64.0 ± 28.7 62.9 ± 27.6 109 K 99 K 95 K

Table 1: Performance on the test set and parameter count of final architecture of greedy ECToNAS (E, α = 1) compared
to unmodified baseline (B) and random mode (R) for various data sets. Data are aggregated over all different
starting topologies.

By construction, each network candidate created by ECToNAS remembers the training that its parent has received,
with as small memory losses as possible in case of drastic structural changes. Thus, the parent’s count of received
epochs of training are also included in the child’s training count, such that the final optimised architecture produced
by ECToNAS may have received between 100 to 160 epochs of training in total. When compared to re-training each
candidate from scratch, as most NAS algorithms do, this means that ECToNAS can save up to around 80% of training
time while still producing a fully trained final neural network. ECToNAS is limited by overall computational budget
to be spread out over all generated candidates, thus we cannot directly control the number of epochs that the winner
will receive. This number is influenced by a number of factors such as the size and structure of the initial topology
and various hyperparameter settings which control for example the number of candidates generated and the maximum
size of each parent generation. We see this difference when averaging over runs with different starting topologies for the
same data set, where sudden jumps in otherwise relatively flat validation accuracy curves may occur due to some runs
ending earlier than others. Figure 5 depicts average validation accuracies achieved by ECToNAS (greedy mode, α = 1)
compared to the native baseline and random mode. To make comparison fairer, we cut off the data for baseline and
random mode for each starting topology after the same amount of epochs that ECToNAS on average spent on its winning
topology. Apparent sudden jumps in accuracy levels (which do not recover within a few epochs) stem from averaging
over runs with such varying cut-off points, such as for example the graph for the baseline trained on the EuroSAT data
set in Figure 5, left hand side, middle row.

In Table 2 we compare results generated using ECToNAS with different greediness settings (α ∈ {1, 0.5, 0}). In the
greedy version (α = 1), ECToNAS as expected beats the non-greedy versions wrt. final test accuracies by around
5-10 percentage points. It is noteworthy however that the non-greedy settings yield drastically compressed networks
(achieving compression rates between 80% and 90%), and still in almost all cases manage to score at least as well as the
baseline.

Test set accuracy [%] Parameter count

Data
set

α
1 0.5 0 1 0.5 0

CIFAR-10 54.2 ± 3.4 49.8 ± 5.1 50.0 ± 5.1 100 K 8 K 8 K
CIFAR-100 20.6 ± 3.1 18.2 ± 3.3 15.0 ± 2.6 97 K 7 K 8 K
EuroSAT 78.1 ± 10.5 71.3 ± 7.1 70.7 ± 8.7 301 K 36 K 17 K
Fashion MNIST 87.2 ± 1.5 83.7 ± 2.3 83.9 ± 2.6 43 K 6 K 6 K
MNIST 98.3 ± 1.6 94.7 ± 3.2 94.8 ± 3.2 43 K 6 K 6 K
SVHN 77.2 ± 5.1 69.7 ± 9.2 70.5 ± 11.7 68 K 14 K 9 K

overall 69.3 ± 26.0 64.6 ± 25.5 64.1 ± 26.8 109 K 13 K 9 K

Table 2: Performance on the test set and parameter count of final architecture compared over various ECToNAS greed-
iness levels (α). Data are aggregated over all different starting topologies.

An example summarizing a single run of non-greedy ECToNAS (α = 0.5) is presented in Figure 6. We can see
ECToNAS’s performance wrt. to both validation accuracy and network parameter count (left hand figure) as well as
annotations describing which modifications were selected by the algorithm (right hand figure).

All our experiments are performed and reported for a fixed random seed (see Appendix C.2). In order to confirm
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Figure 5: Comparison of accuracy on the validation set achieved by ECToNAS (greedy mode, α = 1) with random mode
and unmodified baseline topology across different data sets. Graphs are aggregated over all starting topology
variations.

behaviour and limit the influence of unwanted deterministic effects we repeated all experiments twice more on different
random seeds. These results fall in line with what has been presented.

The wall times per experimental run using the chosen data sets and starting topologies vary between 10 and 45 minutes,
with most runs completing in around 20-30 minutes.

4.1. Convolutions on Tabular Data Set

Starting from a small initial topology and expanding layers or even introducing new topological elements as required is
considered to be the most common use case for ECToNAS. However, it also has the ability to remove existing convolutional
layers all together, leaving a fully connected feed forward neural network instead. This is handy when owing to unclear
data type and objective function or simple lack of experience, a user might train a network with with one or several
convolutional layers included that are not required or even harmful in order to achieve good results.

Since to the best of our knowledge there exist no well-known benchmark data sets for this use case, we artificially
generate data that are structured like images (meaning tabular data will be formatted to look like n ×m ‘pixels’), but
where there is no structural information contained. We base this off the well known adult data set also known as census
data set,48 see also Appendix C.1.

We one-hot encode any ordinal values, and drop any nan-columns, as well as the columns ‘sex-Male’ and the three
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Figure 6: Example of a single run of non-greedy ECToNAS (α = 0.5) on the CIFAR-10 data set starting off from a
large topology without convolutional cells present. Left: Comparison with naive baseline and development of
network parameter count during training. ECToNAS manages reach a higher validation accuracy level while
simultaneously compressing the network to around 7% of its original size. Right: Modifications performed by
ECToNAS are annotated.

native countries with the lowest count, in order to arrive at 100 columns. Numerical values are min-max-scaled into the
range [0, 1]. Finally the column order is scrambled, and the data rearranged to mimic 10 × 10 ‘pixel’ image data.

Using this artificially constructed data set, we run ECToNAS again on all six starting topologies that are described in
Appendix C.2 and Table 6. We perform 25 runs with various greediness levels (α ∈ {0, 0.5, 1}), as well as random and
naive baseline mode. Thus 75 runs in total start off from either a CNN or a FFNN respectively for each mode. Again the
greedy version of ECToNAS (α = 1) manages to outperform all other modes with regard to test set accuracy. The final
parameter count compared to the baseline goes down in case of the non-greedy versions, and up for greedy ECToNAS
and random mode. Table 5 details these results and is included in the appendix.

For this experiment we are however more interested in the nature of the winning topology. Specifically we want to see
how often topology crossing happens away from CNNs towards FFNNs. We expect to see few if any topology crossings
towards FFNNs in non-greedy versions of ECToNAS, as the fitness function in these cases rewards smaller networks.

Starting topology CNN FFNN
Final topology CNN FFNN Crossing CNN FFNN Crossing

Greedy (α = 1) 70 5 6.7% 0 75 0.0%
Non-greedy (α = 0.5) 75 0 0.0% 67 8 89.3%
Non-greedy (α = 0) 75 0 0.0% 74 1 98.6%

Table 3: Counts of resulting topology types per starting topology type and greediness level, as well as percentage of runs
that ended in topology crossing.

Indeed, in Table 3 we see this expected behaviour confirmed. Non-greedy versions of ECToNAS never cross towards a
FFNN, as this would lead to increase in network size, and in most cases do cross towards CNN for the same reason. Greedy
ECToNAS instead never crosses towards CNN, and in a few cases indeed removes all initially present convolutional cells
(in addition to any that might have been added at run time) to end up with a standard FFNN. This can be seen as
proof of concept that topology crossing indeed happens both ways when using ECToNAS.

5. Conclusion

We presented ECToNAS, a lightweight, computationally cheap evolutionary algorithm for cross-topology neural archi-
tecture search. One of its advantages over other neural architecture search algorithms is ECToNAS’s ability to re-use
network weights when generating new candidate networks, by manipulation of existing, pre-trained weights. To accom-
plish this we introduced several techniques for weight modification that aim to minimise the change in input-output
behaviour caused by adding, removing, or changing structural elements of a neural networks’ topology.

We showed that ECToNAS is able to supersede naive training, or reach comparable validation accuracy while being
able to considerably compress the size of a given starting topology. The user is able to influence the desired outcome by
tuning a greediness parameter, an can thus control how much focus should be placed on achievable validation scores vs.
network parameter count. Ablation studies that deactivated its selection function demonstrated that ECToNAS is able
to successfully identify those network candidates with the greatest potential.

ECToNAS tends to favour adding convolutional cells (a fixed sequence of the following layers: convolution, pooling,
batch normalisation, activation) over removing them. The addition of the pooling layer shrinks network parameter count,
which is rewarded in the fitness function, whereas the batch normalisation layer helps to stabilise the learning process.
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We analysed and showed that topology crossing towards a FFNN, that is removal of all initially present convolutional
cells, does happen as well under certain circumstances.

There are still some weaknesses inherent to this algorithm which were deemed to be out of scope for this manuscript
but can be extended upon in future works. First and foremost, in its current state ECToNAS is restricted to sequential
networks only. A possible starting point for how to get rid of this limitation may be found in Cai et al. 41 . There the
authors show how to apply their Net2Net operations (which serve as basis for some methods we presented) to DenseNet,
for example when using add operations. This limits achievable accuracy levels, and forces a somewhat outdated structure
of any produced network architecture that is not comparable to the in general much more complex state-of-the-art models.

Secondly, ECToNAS is currently running on a very strict cyclical scheme. Mutation and selection phases are scheduled
after a fixed amount of training, regardless of any internal states of the network candidates such as convergence rate
etc. Introducing a dynamic learning rate may also serve to improve validation accuracy results. Early stopping could
be used to further reduce computational requirements, but since the non-greedy version of ECToNAS at times selects
candidates that perform worse wrt. their validation accuracy, it is somewhat unclear what criteria for early stopping
could be applied that do not interrupt the algorithm too early.

Reaching state-of-the-art predictive accuracy levels is not everyone’s goal however. Researchers without a strong
background in machine learning often struggle to choose an appropriate architecture for their models, while potentially
also having a limited availability of training data and/or computational resources. ECToNAS is ideally suited for these
use cases since it can expand or shrink provided topologies as required and provides a fully trained, ready to use final
neural network.

ECToNAS should thus be seen as a proof of concept that cross-topology neural architecture search is possible, and is
intended to serve as a starting point for further research.
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A. Further Details on Network Operations

Here we will provide further details for network operations that either have already been published previously in Chen
et al. 2 and Schiessler et al. 1 , or would go into too much detail in the main manuscript body.

A.1. Fully Connected Layers

Chen et al. 2 introduce Net2DeeperNet and Net2WiderNet operations that can be used to add fully connected layers or
widen existing layers.

When adding a new layer, its weight matrix is initialised as identity matrix and fully trainable. Under at least piecewise
linear activation functions such as relu, this preserves the overall network output: Let ϕ be an activation function, then

ϕ(v) = ϕ(Idϕ(v)) (3)

for all vectors v and identity operation Id, iff ϕ is at least piecewise linear.
Widening existing layers is done by copying and scaling some of the existing weights. Let fully connected layers Li

and Li+1 have weight matrices W (i) ∈ Rm×n and W (i+1) ∈ Rn×p. The Net2WiderNet operation allows replacing Li

by a different layer L∗
i that has q > n outgoing connections. For this, Chen et al. 2 define a random mapping function

g : {1, 2, . . . , q} → {1, 2, . . . , n} such that

g(j) =

{
j j ≤ n

random sample from {1, 2, . . . , n} j > n
(4)

The weight matrices W (i) and W (i+1) are replaced by U (i) and U (i+1) with

U
(i)
k,j = W

(i)

k,g(j), U
(i+1)
j,h =

1

|{x|g(x) = g(j)|}W
(i+1)

g(j),h (5)

The scaling factor is introduced to ensure that all units in the modified network have the same value as in the original
network, even though weights may have been copied several times. Since we only applied linear operations, the same
argument as above still holds true that Net2WiderNet preserves overall network output under at least piecewise linear
activation.

As trimming information will in general change the overall input-output behaviour, the Surgeon 1 makes use of singular
value decomposition (SVD) to remove neurons from a fully connected layer, or even whole layers: Given an arbitrary
matrix A ∈ Rm×n we can use SVD to find a representation

A = UΣV T (6)

with orthogonal U ∈ Rm×m, V ∈ Rn×n and rectangular diagonal Σ ∈ Rm×n with k ≤ min(m,n) non-negative real
entries σi along its diagonal. By convention, the σi (called singular values) are given in descending order of magnitude.
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Reducing the rank of A to r < k is done by setting σi = 0, ∀i > r and dropping associated rows and columns of U and
V .

Thus, UΣ = Ã ∈ Rm×r, with Ã being the closest representation of A with rank r under Frobenius norm. Ã can now
serve as a new weight matrix for a dense layer with r units instead of n. In order to reconnect this layer to the following
one, the subsequent weight matrix needs to be multiplied from the left with V T .

In Schiessler et al. 1 we note that it is not possible to accommodate for effects of even linear activation functions using
this method; thus the activation function is simply ignored and changes in input-output behaviour have to be mitigated
with further training. Thus the Surgeon removes whole fully connected layers in a similar fashion by multiplying their
weights onto the weight matrix of the subsequent layer, which preserves incoming and outgoing dimensions and ignores
any present activation functions.

A.2. Pooling Layers

Pooling layers are structurally different from dense or convolutional layers in that they have no trainable weights of their
own. As such, when we introduce a new pooling layer into an existing, pre-trained network, we cannot initialise the layer
in such a way that it behaves as (close as possible to) an identity operation in terms of overall input-output behaviour.
The second way in which the introduction of a pooling layer differs from other layer types is that this has structural
consequences not only locally (meaning on the layer itself and its direct successor), but also further downstream up until
the first dense layer, see Figure 7.

Figure 7: Introducing a pooling layer affects input and output shapes of all subsequent layers up to the first dense layer,
where the weight matrix now has to accommodate for a different incoming dimension.

In particular, any convolutional or other layers in between the newly introduced pooling layer and the first dense
layer also see the difference in input shapes, however their weights are not affected. Since we cannot retain (spatial)
information that was lost through pooling, we opt to not concern ourselves with the affected convolutional layers and
simply allow successive re-training to make up for lost accuracy. The same cannot be done with the first dense layer,
which needs to have its weight matrix reduced to (w.l.o.g., depending on pooling layer settings and rounding effects)
around 1/4th of its original shape. A very simple approach would be to just randomly cut away superfluous input
connections to the dense layer. Structured trials (discussed in A.2.1) have shown however that we can actually retain
more information by mimicking the effect of pooling on the incoming connections to the flatten layer. Note that the
flatten layer simply reshapes incoming information into vector format, such that the dense layer can parse it without
any further altercations, see Figure 4 (left).

In the example provided in Figure 7, the flatten layer without pooling receives each training sample along a (32×32×9)
pixel weight matrix, or synonymously along 9 channels of (32 × 32) pixel weight matrices. We then introduce a max
pooling layer with kernel size 2, stride 2 and zero-padding as required. The very top left 2 × 2 pixels of the first channel
of each input sample have now been passed through max pooling, retaining only the single pixel which carries the most
information. Which of the four pixels is selected will be different for each sample, and there is no way of knowing or
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controlling that. We reason however that picking the outgoing weight of this 2 × 2 area with the largest absolute value
has the greatest potential of retaining as much information as possible. The same of course applies to all other pixel
groups in each sample.

Thus, when introducing a pooling layer, we apply the same aggregation function that is used for pooling (maximum
or average) to each 2 × 2 weight block of the flatten layer input (using padding where required), and form a new weight
matrix of the appropriate shape (16 × 16 × 9), which in turn is flattened to 2304 input connections.

Conversely, removal of pooling layers is done by repeating each incoming connection to the flatten layer the appropriate
amount of times, and inserting them at the correct position. This works for both max and average pooling.

A.2.1. Pooling Layer Trials

To evaluate the soundness of the proposed pooling method we ran structured trials on a minimal example network
consisting of two convolutional followed by two dense layers, which we trained for 25 epochs using the MNIST data set.
This baseline network achieved an average validation accuracy of 98.6% over 100 different random seeds (resulting in
different train-test-validation splits of the data set). We then inserted a pooling layer between the two convolutional
layers and compared the loss in validation accuracy when adapting the weights using our proposed pooling method vs.
randomly cutting away existing connections. The modified networks then each received one epoch of re-training, and
validation accuracies where compared again. Results are summarised in Table 4.

Pooling method Structured Random
Retraining none 1 epoch none 1 epoch

Average pooling 89.1% 96.0% 53.8% 95.6%
Max pooling 13.4% 29.7% 49.3% 95.0%

Table 4: Achieved validation accuracies of structured pooling trials using the MNIST data set on a minimal example
network. Results are averaged over 100 runs using different train-test-validation splits. The baseline achieved
an average validation accuracy of 98.6%.

From these trials we can see that the proposed method works really well in case of average pooling, but fails in case
of max pooling, where it surprisingly achieves significantly worse results than just randomly cutting away connections.
After one epoch of re-training, all but the structured max-pooling versions have regained a significant amount of the lost
validation accuracy, whereas the max pooling layers are still quite far behind. We surmise that the proposed method
shows promise especially when introducing average pooling layers where little retraining can be provided, and may be
insufficient in combination with max pooling layers. Since we only tested on one data set and one example topology,
there may well be cases where our method works also in the case of max pooling.

ECToNAS is able to independently select which type of pooling layer to apply when introducing new convolutional
cells. Even with this type of pooling adaptation, we see cases where max pooling cells get chosen. Our proposed method
of introducing pooling layers should thus be seen as a starting point for further investigations.

B. Additional Results

In this section we include further results that were omitted from the main body of the manuscript. Table 5 contains
detailed results from experiments performed on the modified adult set. Note that the adult set has a very high class
imbalance where the instances in both training as well as test set are split approximately 76%/24% across the two classes.
This needs to be taken into account when comparing predictive results.

Mode Greediness Test set accuracy [%] Parameter count

Baseline - 84.4 ± 0.4 5.5K

greedy (α = 1) 84.8 ± 0.7 7.6K
ECToNAS non-greedy (α = 0.5) 83.6 ± 1.2 1.5K

non-greedy (α = 0) 83.5 ± 1.3 1.4K

Random - 83.7 ± 1.2 6.5K

Table 5: Performance on the test set and parameter count of final architecture of the modified adult data set using
different greediness settings for ECToNAS compared to random mode and naive baseline. Data are aggregated
over all different starting topologies.

C. Implementation Details

In this section we provide details on data sets and our implementation of ECToNAS. The underlying code can be found
at https://github.com/ElisabethJS/ECToNAS.
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C.1. Data Sets

All image data sets were downloaded from the tensorflow data sets catalogue available at https://www.tensorflow.org/
datasets/catalog/overview (last accessed on 2022-09-06). The tabular Adult data set was downloaded from the UCI
Machine Learning repository49 at http://archive.ics.uci.edu/ml/datasets/Adult (last accessed on 2022-09-06).

Adult48: Census income data set. Tabular data set containing 48,842 samples of categorical and numerical data across
14 attributes. Some missing values occur. Can be used to predict whether a person’s income will be below or above
USD 50K$/year. This data set has a heavy class imbalance.

Cifar 10 & Cifar 10042: Images from the Canadian Institute of Advanced Research. (32 × 32) px colour images that
are evenly divided into 10 or 100 classes depending on the version. 50,000 training and 10,000 test images are available.

Eurosat43;44: Sentinel-2 satellite images. (64 × 64) px images. We use the RGB Version that has 3 colour channels
and consists of 10 classes. 27,000 samples are available.

Fashion MNIST45: Data set of the fashion company Zalando’s article images. (28 × 28) px grey-scale images evenly
belonging to 10 categories. 60,000 training and 10,000 test images are available.

MNIST46: Modified National Institute of Standards and Technology data set of handwritten digits. (28 × 28) px
grey-scale images evenly belonging to 10 classes that represent the digits 0-9. 60,000 training and 10,000 test images are
available.

SVHN47: Images of house numbers from Google Street View. We use a cropped version of (32× 32) px colour images
that evenly fall into 10 classes representing the numbers 0-9. 73,257 training and 26,032 test images are available, as
well as 531,131 extra training samples which are not used.

C.2. Hyperparameter Settings

We make use of a total of 6 different starting topologies which are summarised in Table 6. We differentiate between
them by their size (with options ‘small’, ‘medium’ or ‘large’), and by whether or not any convolutional cells are included.
Convolutional cells consist of a CNN layer (with number of channels specified in Table 6), followed by an average
pooling, batch normalisation and activation layer. We use tensorflow’s padding=’same’ option for both convolutional
and pooling layers, and standard stride and kernel sizes, as well as relu activations. The dense layers also use relu

activations, with respective unit count specified in Table 6.

Size CNN cells included conv. channels dense units

small true 3, 6, 9 10
false - 10

medium true 3, 6 10, 10
false - 10, 10

large true 3 100, 50, 10
false - 100, 50, 10

Table 6: Number of convolutional channels and dense units present in the various starting topologies used for ECToNAS
experiments.

Note that the size descriptors relate to parameter count of the resulting neural network, which is why a topology that
includes three convolutional cells (and thus a total of three pooling layers) is considered to be smaller than a topology
that only contains one such cell. Each starting topology thus further consists of an input layer and a further dense
output layer with softmax activation, with input shape and number of output channels tuned to the respective data set.

ECToNAS can be run with a number of different hyperparameters. Notable amongst these are the computational
budget, greediness weight α and random seed, as well as indirect hyperparameters such as training and test set and
optimizer, loss function and scoring metric.

For our experiments we chose the following settings:

• Computational budget: 1,000 epochs

• Greediness weight: 0, 0.5 and 1

• Random seed: 42 (extra experiments run on seeds 13 and 28)

• Optimizer: stochastic gradient descent, with learning rate 0.1

• Loss: sparse categorical cross entropy

• Scoring metric: accuracy

Further parameters can be set via code and are described in the documentation.
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C.3. Python Environment Requirements

We used the following packages and versions to run ECToNAS. Important dependencies are marked with an asterisk.

• python 3.8 *

• tensorflow 2.3.0 *

• keras 2.4.0 *

• numpy 1.21.5

• pandas 1.4.2

• re 2.2.1

C.4. Hardware specifications

Our experiments were performed on a virtual machine running on a 24-core 2.1 GHz Intel Xeon Scalable Platinum 8160
processor, which is equipped with a Tesla V100 GPU card with 16 GB memory.

D. NAS Best Practice Checklist

When performing our experiments and writing up this manuscript we adhered to the NAS Best Practices Checklist
(Version 1.0.1, available at https://www.automl.org/nas checklist.pdf) as published by Lindauer and Hutter 50 .
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